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Pavement deterioration prediction models play an important role in pavement management 
systems and allow decision makers to plan maintenance and rehabilitation works in advance. 
There are several factors affecting the deterioration of pavement sections such as traffic loading, 
freeze and thaw, snow plowing, construction quality as well as pavement thickness and age. 
Developing pavement deterioration prediction models can provide decision makers with many 
benefits. First of all, pavements can be treated before they reach undesired levels of service and 
this would extend the lifetime. Secondly, required budget for expenses can be provisioned, which 
helps public authorities to generate more precise cost estimates during budgeting. Finally, 
management philosophies can be better extended into long term planning, offering the potential 
to minimize life cycle costs. 
This thesis describes the development of stochastic network-level pavement deterioration 
prediction models, which can assist local agencies (particularly the City of Syracuse) in making 
strategic investment decisions regarding maintenance, repair and rehabilitation activities. Based 
on the literature, various methods can be used in developing prediction models such as 
regression analysis, Markov chains and Artificial Neural Networks. In this research, Markov 
chains have been selected to develop the most convenient prediction models for Syracuse, NY 
for two reasons. First, the original dataset included pavement condition ratings; however, data on 
other important factors, such as pavement equivalent single axle load, pavement thickness and 
age, were missing. Markov chains-based models can be simply generated by making use of 
pavement condition ratings and the process of pavement deterioration. Second, Markov chains 
offer robust results for network-level prediction models.  
 
 
Historical pavement condition ratings were incorporated into a Markovian model to develop a 
probabilistic pavement deterioration model. Separate models were developed for avenues, 
streets, roads and different pavement types. Pavement types were divided into three categories in 
this study depending on their sub-base structures and pavement thicknesses. Results were also 
validated with the bootstrap method, which is a common resampling technique to estimate 
statistics in a population such as bias, variance and confidence intervals. 
Overall, this study demonstrated that Markov chains can be used in generating network level 
pavement deterioration prediction models in the absence of some of the key input variables. The 
methodology and findings of this research can help decision makers in generating network level 
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Our community’s economic welfare and quality of life depend on safe, efficient and reliable road 
networks. Roads that are not maintained properly may cause wear and tear on vehicles and poor 
road conditions may lead to vehicle damage and accidents. The figure below represents the 
findings of a National Transportation Research Group excerpted from 2015 Report Card for New 
York’s Infrastructure and show the criticality of road conditions in the State of New York 
(Griffis et al., 2015). 
 
Figure 1. New York Urban Road Conditions and Vehicle Operating Costs (VOC) 
Figure 1 demonstrates that cities with similar populations and weather conditions have different 
road conditions. There may be a few reasons behind this trend: first of all, budgeting priorities 
play a crucial role for current road conditions. In addition, other infrastructure works, such as 
maintenance, repair, or rehabilitation of utility lines and buried structures, may have an impact 
on the road conditions. In order to understand the differences in road conditions in neighboring 
cities, it is also important to study sources of funding. Most Federal aid to states and localities 
are financed through the Highway Trust Fund, which comes from fuel taxes. As well as public 
borrowing and private investment options, the Transportation Infrastructure Finance and 
Innovation Act (TIFIA) program offers low-interest loans for transportation projects (Blunt R., 
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2019). However, TIFIA eligibility requirements and the program’s application process mandated 
by United States Department of Transportation does not guarantee grants for all cities. 
Syracuse is the one of the snowiest cities in the region and rough weather conditions bring about 
faster deterioration of the city’s pavement system. The deterioration in the pavement is causing 
significant impacts on the city’s economy due to traffic congestion and vehicle operating costs 
(National Transportation Research Nonprofit, 2018). Maintenance and rehabilitation of roads 
that no longer meet the minimum level of service are performed based on road condition ratings 
collected by the city employees. According to local news sources, “It will take 117 years to pave 
all of Syracuse’s roads at the current pace” (Baker C., 2018). The aim of this study is to develop 
a pavement prediction model based on the road condition ratings obtained from the city’s 
innovation office. 
“Pavement Management System” (PMS) is a term used to define the systematic approach of 
planning maintenance, repair and optimization of road networks or other paved facilities (K. A. 
Abaza et al., 2003). Pavement performance modeling is an essential step in generating a 
Pavement Management System. Creating models for the serviceability of the pavement provides 
a wide array of benefits to the relevant authorities while allocating budgets and planning 
maintenance or rehabilitation works. In addition, deterioration models can help in setting 
priorities for road networks. Several measures can be used to describe pavement conditions. 
Pavement Condition Rating (PCR), for instance, is a measurement to classify pavements based 
on their serviceability and is broadly used in generating pavement prediction models. 
Prediction models can be instrumental in increasing the focus on preventive maintenance works 
rather than pavement repairs since maintenance works have the potential to reduce the cost of 
repairs significantly. In a report about ensuring the longevity of local roads, it is asserted that 
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approximately 80% of funds should be spent for maintenance and the remaining 20% for repairs 
for a successful pavement management plan (Groves and Scarpati, 2011).  
In this thesis, deterioration refers to decreasing serviceability due to potholes, base failure, 
cracking, raveling, corrugation and formation of other distresses. It is important to know the 
differences between roads, streets and avenues as well since these terms will be frequently used 
in this study. The term “street” refers to public ways which generally have buildings on either 
side, whereas the term “road” is used to define ways that are connecting two points. Even though 
the word “street” is sometimes used as a synonym for a “road”, there is an important distinction 
between the two: while a road’s main function is transportation, streets facilitate public 
interaction. Avenues, on the other hand, are similar to streets but they are generally wider and 
perpendicular to streets. 
Road ratings data acquired from the City of Syracuse contain overall pavement condition ratings 
on a scale of 1-10 in which 10 represents a newly paved road in a perfect condition with no 
observable distresses. Any pavement section rated below a condition rating of 5 has usually been 
assumed as a candidate for maintenance or reconstruction. In the literature, it is usual to come 
across different rating scales used by many local and state level transportation agencies (O. A. 
Abaza and Mullin, 2013; Prozzi, 2001). Most common scales are those with a spectrum of 1 to 
10 or 0 to 100. In fact, this is important since transition probabilities of any analysis method will 
allow a condition change from one state to another and no values with fractions. In addition, 
since these inspections are performed visually, it might be easier to make a judgement while 
distinguishing the distress types and assigning ratings over a scale of 1 to 10. That being said, 
sensor technologies and expertise of the agency personnel led some agencies to acquire ratings 
over 100 to convey data with higher levels of precision. 
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It is easy to notice the result of major maintenance or repair; however, the effects of a regular 
maintenance work may not be apparent. As a rule of thumb, infrastructure deterioration models 
are S- shaped curves, which can be divided into three phases (Uddin et al., 2013). First phase 
represents the condition of the infrastructure right after construction or a major rehabilitation. 
This phase is generally denoted as slow deterioration phase and the slope of deterioration curve 
is based on the quality of construction, materials used, demand on the pavement as well as 
surrounding environment. In the second phase, there is a sharp increase in the deterioration. In 
the third phase, on the other hand, deterioration decelerates and if not maintained or repaired, 
structural failures can be encountered. 
1.2. The City of Syracuse 
Syracuse is located approximately 250 miles northwest of New York City and at the center of the 
State of New York, United States. It is the 5th most populous city in the State of New York and 
more than half a million people live in the metro area.   
There are approximately 411 miles of roads, and according to the US Census Bureau (2018), and 
mean travel time to work is 18.4 minutes. People who are at the age of 16 or older commute to 
work as follows: 
• 64.1% drive alone • 8.6% use public buses (CENTRO) 
• 11.4% walk • 1.6% use a taxicab 
• 9.7% carpool • 1.2% bike 
Syracuse is home to major research universities, hospitals and shopping malls.  As the region’s 
major metropolitan center, Syracuse has a well-developed transportation network. Air and rail 
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terminals are approximately 15 minutes away from the downtown area. Approximately 2 million 
people use Hancock International Airport each year.  
Average snowfall Syracuse receives during the winter is around 100 inches each year. The city 
puts a great effort into snow removal. Snowplowing and de-icing efforts represent major budget 
items for the city. 
1.3. Problem Statement 
Pavement deterioration is a process by which distress develops on the pavement due to several 
reasons such as traffic loading, structural quality of the base, sub-base and the pavement, age of 
the pavement, and climatic conditions. Streets in Syracuse have experienced a significant amount 
of deterioration and the pavement conditions are ranked as some of the worst in New York State 
(Griffis et al., 2015). Deteriorating roads have brought about a decreasing level of service which 
is a qualitative measure indicating the need for interventions.  
Given the conditions listed above, it is obvious that Syracuse roads need well-planned 
maintenance and rehabilitation work to deal with the pavement issues. There are 411 miles of 
roads in Syracuse and it has been a challenge to decide on the roads to be paved or repaired. The 
city officials made their decisions on pavement repairs based on complaints, current road ratings 
and proximity to schools and hospitals (Baker C., 2018). For this reason, it is important to 
develop pavement deterioration prediction models to estimate the probability of pavement 
deterioration in advance and take measures proactively. This will not only help in avoiding 
pavement sections that reach unacceptable levels of service, but it can also help the agency 
produce more accurate budget requirements. For this reason, the mayor’s office has initiated an 
effort in which every city street segment has been rated on a scale of 1-10, generating more than 
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4,800 ratings per year since year 2000. It is also the aim of this research to help decision makers 
estimate the scope of work by looking at the transition probabilities derived by deterioration 
models. For example, if the condition rating is equal or greater than five and not showing any 
remarkable deterioration signs, then maintenance can help keep the condition above the accepted 
level of service or even enhance the rating. In contrast, if the model is forecasting a sharp 
decrease in the pavement condition, authorities may need to allocate more funds and rehabilitate 
the particular road sections to bring its condition level up to desired levels. 
1.4. Research Objectives 
This research primarily focuses on development of pavement deterioration prediction models 
based on the historical data on road conditions in Syracuse, NY. The main objective of this 
research is to provide a model to forecast future pavement conditions. In order to provide more 
accurate results on deterioration modeling, road data are analyzed under three categories as 
avenues, streets and roads. Further analysis will be performed as per pavement type in which 
streets are divided into 3 sub-categories in terms of pavement types, thicknesses and base 
properties. The objective is to identify factors which decisively affect the nature of pavement 
deterioration. Pavement deterioration model data are validated to check the reliability of the 
results.  
In the literature review part of the research, similar studies in different regions are examined and 
their solutions for similar cases are scrutinized to find out the most convenient model for 
Syracuse, NY. After compiling the data and running the model, the objective is to forecast the 
future conditions of pavements. This would also provide guidance to local authorities in using 
the model for street level decisions in future works.  
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Deterioration prediction modeling for the road network of Syracuse can help increase the life 
expectancy of these roads. In particular, this research aims to make an original contribution by 
examining the quantitative models of asset deterioration to estimate declines in the pavement 
condition to plan preventative measures. 
2. LITERATURE REVIEW  
2.1. Overview 
Rajagopal and George (1991) discussed the effectiveness of pavement maintenance and 
highlighted that timing has a crucial impact on routine maintenance. Their research pointed out 
two indicators that are of significant importance while performing life-cycle cost analysis, 
namely quantification of the performance jump after maintenance or repair is applied and the 
change in rate of deterioration (Rajagopal and George, 1991). The assumptions they have made 
led to a conclusion claiming that 40 percent of deterioration occurs during only 12 percent of the 
life of the pavement (Rajagopal and George, 1991). When S-curves are considered in pavement 
deterioration, pavements are expected to deteriorate at a slower rate in the beginning and then 
deteriorate at an accelerated rate throughout the service life. Nevertheless, demand on the 
pavement, weather conditions, quality of workmanship as well as material properties are also 
important factors that affect the speed of deterioration. Reports published by different states have 
revealed that extreme climate conditions have negative impacts on the pavement deterioration 
rates (Bleech, 2018; Raught et al., 2007). Pavement condition ratings in colder areas tend to drop 
below unacceptable levels due to cracking, shoving and corrugation because of freeze and thaw 
effects. On the other hand, hot weather causes bleeding, shoving and raveling in asphalt. The 
State of Michigan experiences extreme climate conditions similar to Syracuse, and the Roads 
Innovation Task Force Report released by Michigan Department of Transportation (MDOT) 
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states that very few pavement sections have reached a design life of 20 years because of extreme 
climate conditions, freeze and thaw cycles as well as snow removal operations including the 
application of chemical deicing solutions (Bleech, 2018). Contrary to Michigan, the State of New 
Mexico has milder climatic conditions with light precipitation and abundant sunshine. New 
Mexico Department of Transportation (NMDOT) released a pavement maintenance manual in 
which pavement distress such as shoving, raveling and bleeding are regarded as the effects of hot 
weather as it causes softening of the asphalt binder (Raught et al., 2007). 
To determine the effects of maintenance and rehabilitation, researchers compared the conditions 
of pavements before and after treatment. Rajagopal and George (1991) demonstrated that 
rehabilitation caused jumps in the condition rating and allowed the pavement to show a steadier 
performance. 
2.2. Pavement Management Systems (PMS) 
Pavement management systems are developed to better coordinate maintenance, repair and 
rehabilitation works of road networks as well as other paved facilities to maintain an acceptable 
level of service. In addition, PMS provides pavement engineers with an effective decision-
making tool for planning and scheduling activities. A large number of pavement management 
systems rely on pavement distress ratings and maintenance priorities within budget constraints. 
Some of them utilize prediction modeling to forecast possible future conditions of pavements (K. 
A. Abaza et al., 2003). 
In order to develop a systematic pavement management process, the roadway network should be 
defined, and inventory data should be collected. Having current pavement condition data, many 
transportation agencies are able to predict future condition of assets by using variety of 
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mathematical models (Lytton, 1987). Therefore, selecting a suitable treatment method and 
reporting results are significant steps that should be followed in a proper pavement management 
system.  
The New Jersey Turnpike Authority (NJTA) is one of the agencies that implemented an 
Enterprise Asset Management (EAM) system to better maintain its assets. As part of the EAM 
system, NJTA is assembling large volumes of data through a pavement management system 
(PMS) developed by a third-party construction company. The PMS allows NJTA to obtain a 
geospatial database, geographical information systems, asset ratings as well as auto-generated 
trends using historical data and showing deterioration trends (Wagner-Bartz and Benda, 2019). 
The PMS also uses special computer software to measure and analyze pavement behavior and to 
create a 5-star rating system which is then compared with NJTA’s visual inspection results 
(Wagner-Bartz and Benda, 2019). Along with the benefit of keeping a pavement repair history 
data base, NJTA has mobile inspection capabilities and a virtual drive tool that takes photo 
images and creates panoramic views of the roads they operate (Wagner-Bartz and Benda, 2019). 
According to the study of Zimmermen and Eres Consultants (1995), pavement management 
methodologies are ramified into three main approaches. These are pavement condition analysis 
(project level approach), priority assessment models (project level approach) and network 
optimization models (network level approach). Projects are assigned priorities based on demand 
(traffic), location, and safety in project level pavement condition analysis; treatment needs are 
defined based on overall priorities. Although this system is easy to adopt, it does not address 
future needs of the assets. Priority assessment models incorporate future pavement conditions 
and “what-if” scenarios; however, alternative decisions need further modeling, and this is often 
time consuming. Network optimization models assess the entire pavement network to determine 
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a strategy. While this model allows optimizing solutions for the entire network, it relies on 
aggregate data. 
2.3. Data Collection 
Visual inspections are a vital part of assessment, safety and quality assurance. Apart from traffic 
engineering, visual inspection is commonly used in many different areas of construction and 
materials science. For instance, certified technicians and engineers in Boeing and Airbus perform 
routine visual inspections of various structural parts of planes to determine the damage 
classification, maintenance needs and general repair procedures (Estragnat et al., 2018). Bridge 
engineers also refer to visual inspections to inspect decks, piers, bridges, bearings and expansion 
joints to decide on maintenance, repair or rehabilitation needs. 
Judgement of distresses and their severity may change from one person to another, so it is 
important to have the same people inspect the same streets over time. In order to cope with these 
problems, one suggestion would be to use street survey vehicles, which are capable of measuring 
several types of data continuously, as sensor technologies have become more popular and 
adopted by local and statewide transportation agencies (Guerrero-Ibáñez et al., 2018). In this 
research, noise and discrepancies in the data will be manually removed to the greatest extent 
possible to eliminate potential human error in assessing and recording pavement condition 
ratings. 
2.4. Pavement Maintenance, Repair and Rehabilitation 
It is important to spell out the differences between the terms “maintenance”, “repair” and 
“rehabilitation” as these terms will be used often in this thesis. In the literature, maintenance is 
used to express routine prevention measures or correction of damages such as crack sealing, joint 
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sealing and patching (Thompson et al., 2016). Repair is different from maintenance in terms of 
circumstances that cause damages such as severe weather conditions (Rajagopal & George, 
1991). Rehabilitation, on the other hand, means to restore to near original condition with asphalt 
overlay or multiple concrete panel replacement (Rajagopal and George, 1991). 
2.5. Factors Affecting Pavement Condition Ratings (PCR) 
2.5.1. Maintenance and Rehabilitation 
In research for Mississippi State Highways, Rajagopal and George (1991) studied different 
remedies for pavement improvement: routine maintenance activities such as fog seal, chip seal or 
slurry seal, which are low-cost solutions to restore the flexibility of an aged surface, minor 
rehabilitations, and major rehabilitations. In this study, overlays of less than 2 inches were 
referred to as minor rehabilitation and overlays larger than 2 inches were referred to as major 
rehabilitation (Rajagopal and George, 1991). A nonlinear regression model was developed in the 
scope of Mississippi Pavement Management System where pavement condition ratings were 
taken as the dependent variable, and age of the pavement, cumulative equivalent single axle 
loads, composite structural number, lifetime and thickness of the proposed overlay as 
independent variables. The structural number mentioned in their study is frequently used in road 
design and once determined, the thickness of each pavement layer can be found (Rajagopal and 
George, 1991). The result of nonlinear regression analysis indicates that cumulative equivalent 
single axle loads and structural number have a low impact and thus have minor importance 
(Rajagopal and George, 1991). On the other hand, age is the most important predictor of 
pavement condition based on the outcome of the study (Rajagopal and George, 1991). The 
findings of Rajagopal and George’s study have a number of important points in determination of 
future condition states. The Syracuse road ratings dataset suffers from lack of independent 
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variables which could help in developing regression models. The central question in this research 
asks how future pavement condition ratings can be forecasted in the absence of data on age, 
traffic loading and structural properties of the pavement. 
Rajagopal and George (1991) treated Pavement Condition Rating (PCR) after treatment as a 
dependent variable; PCR before treatment and thickness of overlay were treated as independent 
variables. Thick overlay turned out to have the highest pavement condition rating, followed by 
thin overlay and surface treatment. A surprising finding was that even thick overlay did not 
provide a PCR number of 90 or higher. Additionally, Rajagopal and George’s study also 
demonstrated that if treatment is performed during the first stage of the pavement deterioration, it 
provides the greatest benefit (Rajagopal and George, 1991). 
2.5.2. Pavement Thickness 
Factors influencing PCR have been explored in several studies. When designing pavement 
thickness for flexible and rigid pavements, several criteria must be considered. As per AASHTO 
Pavement Thickness Design Guide (1993), serviceability index (performance criteria), design 
variables such as analysis period and design traffic as well as material properties for structural 
design must be known to determine the pavement thickness. After determining the pavement 
thickness, the Structural Number (SN), which is a measure of structural capacity, can be found 
by the following equation as per Geotechnical Aspects of Pavements Reference Manual 
published by U.S. Department of Transportation Federal Highway Administration (Christopher 
et al., 2006): 
SN =  a1𝐷1 +  𝑎2𝐷2𝑀2 +  𝑎3𝐷3𝑀3 + … (1) 
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where “a” represents the layer coefficient (relative strength of material), D represents layer 
thickness in inches and M represents drainage coefficient. Layer coefficients are empirical 
numbers showing the relative strength of each material, and drainage coefficient is a value 
assigned to indicate loss of strength due to drainage behavior and moisture conditions. Structural 
Number represents the structural requirement to accommodate design traffic load and can be 
obtained by various methods. The required Structural Number depends on existing soil 
condition, total traffic loads, pavement serviceability, and environmental conditions. To put it 
simply, Structural Number shows the structural strength of the overall pavement. To summarize, 
the SN formula illustrates the relationships of surface, base and subbase with each other. 
Road ratings data obtained from the City of Syracuse include a pavement type column dividing 
streets into three categories; 1) whether there are curbs on the streets, 2) whether they had an 
improved subbase, and 3) the thickness of asphalt over a concrete base. As the exact thickness 
and structural properties of the pavement are unknown, this research cannot provide a 
comprehensive review of the relationship between surface, base and subbase. However, should 
pavement type have an impact on deterioration rate, it is expected to be seen as a result of 
prediction modeling. 
Pavement thickness has been included in this thesis because it illustrates what assumptions and 
data are taken into account before starting the construction of pavement and it describes whether 
or not there could have been any improvements throughout the design process. According to the 
1993 AASHTO Flexible Pavement Structural Design, there are several basic assumptions and 
limitations in the AASHTO 1993 Design Guide. The equations were developed based on the 
materials used in an AASHTO road test, and the pavement was tested for a period of 2 years 
rather than a longer term which could have helped understand long term weather effects. One of 
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the major drawbacks of using equations in AASHTO 1993 Design Guide is that the pavement 
has been tested only with identical axle loads rather than mixed traffic. Therefore, another 
possible area of future research would be to investigate the shortcomings of the old design guide 
and recommend updates on how to improve pavement quality in the beginning.  
2.5.3. Design Life of Pavements 
Design inputs for the AASHTO Design Guide (1993) include analysis period (i.e. the time that 
the pavement is intended to last before any kind of treatment), traffic volume and growth, design 
reliability (i.e. the probability of satisfactory service period over the design life), as well as 
serviceability, subgrade resilient modulus and layer properties.  
In line with ideas of modeling the deterioration of pavement, it is of equal importance to plan life 
expectancy models for local or state road networks. According to Thompson et al., isolating the 
effects of demand growth on the infrastructure by considering long-term expectations can bring 
about competitiveness for funding maintenance, repair and rehabilitation activities (Thompson et 
al., 2016). In order to estimate life expectancy of street or road networks, it is important to start 
with documenting business processes. The literature shows that having enough data on hand 
would make it much easier to come up with prediction models and demand analysis (Thompson 
et al., 2016). After having the needed data on pavement condition and performance, minimum 
tolerable performance levels must be set. The agencies must always be ready for emergency 
situations and act proactively in the event of accidents, inclement weather conditions, or failures 
due to soil conditions in the subbase. Therefore, prioritizing and scheduling works in advance 




2.6. Data Management 
There is a large volume of published studies describing the role of data management on 
pavement deterioration modeling (Lin and Madanat, 2002; Thompson et al., 2016). Thompson et 
al., (2016) emphasized the importance of data management as part of decision-making 
responsibility of concerned bodies. Since road ratings are broadly based on visual inspection, 
discrepancies in the dataset must be filtered out. Sorting out data in a logical sequence would 
also facilitate seeing condition change by years and creating meaningful graphical 
representations.  
It was also suggested by Thompson et al. (2016) that defining end of life is an important aspect 
of asset management. According to the NCHRP Report Estimating Life Expectancies of 
Highway Assets (2012), certain assets may have their end-of life defined based on their age in 
the event that their condition is not measured on a regular basis. Obsolescence and failure to 
meet design criteria is another significant reason to renew the asset since these may cause 
catastrophic results unexpectedly. Utilization threshold has also been identified as a major 
contributing factor by the NCHRP Report (2012) for an asset to be removed or replaced since 
this may cause fatigue of the structure or excessive wear and tear conditions that warrant 
corrective actions.  
Transportation agencies should seek possible ways of minimizing the cost of data collection 
while maximizing the efficiency. Drawing on an extensive range of sources, Hensing and 
Rowshan (2005) set out the different ways for data collection and assert the idea that one agent 
should be solely responsible for data collection, and a random sampling approach must be 
adopted in the event that there are unmeasured data. Moreover, using deterioration models to 
estimate condition ratings for future years will eliminate the necessity for data collection each 
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year. In addition, Thompson et al. (2016) suggest that deterioration models must be used 
intermittently to track performance of the asset.  
2.7. DOT Applications 
One of the central questions in this thesis asks how local and state transportation agencies deal 
with pavement maintenance. Part of the aim is to develop a prediction model that is compatible 
with the data gathered from the City of Syracuse. Examples given in the NCHRP Report 
Estimating Life Expectancies of Highway Assets (2012) demonstrate that developing mockups is 
the first step before using models for full software application to monitor and manage assets. If 
end-users are satisfied with the mockup spreadsheet files, they can be converted to working 
prototypes to calculate life expectancy or lifecycle costs. For this reason, both Florida and 
Minnesota DOTs use Excel spread sheets with macros that are formulated for their needs and 
based on data they have (Thompson et al., 2016). DOT engineers generally need numerical 
values to find out when maintenance, repair or rehabilitation is needed. Lifecycle cost analysis 
application used by Florida DOT, for instance, has separate tabs for each section indicating asset 
information such as location (26d 53’ 16” N 82d 1’ 11.7” W US 41 NB over Alligator C.), 
dimensions (156’ long, 45’ wide 26” span), health index history, benefit/cost ratio and dollar 
amounts for direct and indirect costs, near-term and long-term costs as well as accident, delay 
and agency costs (Thompson et al., 2016). Unfortunately, snapshots provided by the NCHRP 
Report (2012) do not explain how numerical values are obtained for health indices. On the other 
hand, the network level life expectancy model of the NCHRP Report (2012) shows that an 
engineer can chose either maximizing utility or minimizing cost at the beginning. Performance 
measures are given as total lifecycle benefit, superstructure condition and health index in the 
spread sheets (Thompson et al., 2016). After input data pass through budget constraint and 
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performance filters, analysis provides the highest feasible numbers, programmed expenditure, 
targets and lowest binding constraint. Minnesota DOT’s work plans and performance numbers 
illustrate current performances of bridge infrastructure with resilience percentages (Thompson et 
al., 2016). Based on the condition and resilience values, planned expenditures are sorted as: 
• Bridge replacement cost 
• Superstructure replacement cost 
• Deck replacement cost  
• Overlay replacement cost  
• Adding overlay cost 
All of these values help DOT engineers to make decisions on how to allocate the budget on 
bridge networks. Risk analysis reports developed by the NCHRP Report (2012) are comprised of 
inventory, economic use and construction mitigation data as input parameters for infrastructure 
risk analysis.  
Table 1. Input Parameters Used for the NCHRP Risk Analysis Report (2012) 
NBI Priority Data Economic Use Data Construction Mitigation Data 
State Abbreviation Car Running Cost ($/mi) Bridge's Est. Remaining Life (yrs) 
Detour Length (miles) Truck Running Cost ($/mi) Are Any Spans > 100 ft. Long 
Functional Classification Duration of Detour (days) Total Cost of Replacement ($) 
Year Built Avg. Occupancy (adult/car) Automated Scour Monitoring Cost ($) 
Avg. Daily Traffic Avg. Value of Truck Time  Est. Scour Monitoring Cost ($) 
Structure Length (ft) Avg. Detour Speed (mi/hr) Est. Field Reconnaissance Cost ($) 
Deck Width (feet) No. of Fatalities if Collapse Est. Scour Evaluation Cost ($) 
Substructure Condition Fatality Costs   
Channel Protection Condition     
Waterway Adequacy Condition     
Avg. Daily Truck Traffic (%)     
Scour Condition (2002 def.)     
Is It a High Priority Route?     
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Using the values entered in Table 1, the analysis answers the following questions: 
• Overtopping Frequency 
• Scour Vulnerability 
• Est. Annual Probability of Failure 
• Lifetime Probability of Failure 
• Minimum Performance Standard 
• Cost of Bridge Replacement 
• Cost of Running Vehicles on Detour 
• Cost of Lost Wages on Detour 
• Cost of Lost Life 
• Total Cost of Failure 
• Lifetime Risk of Lost Life 
• Lifetime Risk of Failure 
The literature shows that DOTs may adopt their own analysis tools since there is not a proven 
theory that gives the exact results (Thompson et al., 2016). Therefore, each state can collect data 
from the field, either in person or through sensors, and then carry out analysis to see which asset 
can fail first, which one needs to be addressed immediately and which are in good condition.  
This study bears a close resemblance to the analysis example given above for bridges in terms of 
the concept. It should be noted that bridges are comprised of many parts such as substructure and 
superstructure, abutment, piers, structural load bearings, expansion joints and pavements. For 
this reason, data needed for a bridge are usually far greater than what is needed for pavements.  
2.8. Distress Types 
In the literature, typical examples of distress are listed as rutting, transverse cracking, edge 
cracking, potholes, base failure, bleeding, corrugations, alligator cracks, slippage cracks and 
moisture damages (Brown et. al., 2009). Before any maintenance or rehabilitation work begins, 
the type of failure and cause of distress must be identified. As distresses can compound the 
decrease in service level, it is important to distinguish the type of failures on the pavement to be 
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able to address the root cause. For example, a crack can allow water to penetrate under the 
pavement and as a result potholes or further cracking may occur.  
Fatigue cracking, which is also referred to as alligator cracking due to its resemblance to alligator 
skin, occurs for load related reasons (Miller et al., 2013). Excessive loading, thin pavement 
surface, or poor subgrade properties can lead to fatigue cracking over time. Block cracking is a 
type of cracking defined by interconnected large cracks that affect the pavement mostly because 
of the shrinkage of asphalt. This type of failure is seen mostly in areas with significant 
atmospheric temperature differences (Brown et. al., 2009). Edge cracks occur longitudinally at 
the outer edge of the pavement especially if there is no lateral support that can meet lateral 
forces. Edge cracks mostly appear in local street networks if there are no curbs on the side. 
Longitudinal cracks do not stem from loading but mainly from poor pavement construction or 
shrinkage of asphalt, joints and sublayer. These cracks can be seen parallel to the centerline of 
the road. Transverse cracking also occurs because of reasons that are similar to longitudinal 
cracking and most likely would be perpendicular to the centerline (Miller et al., 2013). Slippage 
cracking indicates poor construction applications or problems with the asphalt mixture. These 
cracks are load-related and formed because of braking motion of vehicles. Bleeding poses 
skidding hazards as a result of decrease in skid resistance. The main reason for bleeding is too 
much asphalt in the mix, or excess tack or bond coat (Brown et. al., 2009). Disintegration of the 
surface causes potholes which is one of the most common pavement deterioration types in 
Syracuse (Messineo D., 2019). Segregation, cracks and patches on the pavement can start 
formation of potholes. In addition to the distress on the pavement, which is the most common 
outcome of deterioration, structural capacity is another factor that can contribute to faster 
deterioration rates. As the name implies, structural capacity is a measure showing a pavement’s 
20 
 
load carrying capacity. Both structural capacity and friction of the pavement are also measured to 
assess condition and performance by transportation agencies (Rada et al., 2013).  
In Pavement Management Systems, it is common to combine different types of distresses into 
one single number to represent pavement condition rating. According to the NCHRP Report 
(2012), one way of doing this is to divide lane-feet of any distress types by lane-miles in a road. 
In the same report, it is also mentioned that Washington State DOT (WSDOT) uses this approach 
to demonstrate service levels of roads based on the ratio of distress of lane-feet to lane-miles in 
that particular road (Thompson et al., 2016). 
2.9. Deterioration Prediction Models 
Deterioration prediction models can be developed by a variety of techniques including Markov 
Chains, Regression Analysis and Artificial Neural Networks. Much of the current literature on 
deterioration models pays particular attention to deterministic regression equations and 
Markovian models (George et al., 1989). In terms of life expectancy of the pavement, minimum 
tolerable condition determines when external measures, such as maintenance, repair or 
rehabilitation are needed to extend the life expectancy of the asset. In this analysis, either a single 
PCR number comprising all distress types can be taken into consideration or a separate model 
can be created for each distress type. It should be noted that whichever distress model reaches 
the minimum tolerable level first determines the end of life for the pavement. 
Numerical studies have utilized different PCR thanks to existing data for each distress type and 
then investigated which one deteriorates first given the life-time of the pavement (George et al., 
1989). According to NYSDOT Network Level Pavement Condition Assessment Report, 
pavement condition ratings and their description are defined as shown in Table 2. 
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Table 2. Pavement Condition Rating Descriptions (NYSDOT) 
Rating Condition/Description 
9-10 Excellent - No surface distress 
7-8 Good - Surface distress beginning to show 
6 Fair - Surface distress is clearly visible 
1-5 Poor - Distress is frequent and severe 
U Under Construction - Not rated due to ongoing work 
 
It is crucial to know when maintenance, repair or rehabilitation (MRR) actions have been 
performed when utilizing historical data as disregarding previous MRR actions may give 
unrealistic results while estimating typical life expectancy of the pavement.  
Existing literature shows that there is still considerable inconsistency with regard to pavement 
life expectancy simply because of the use of varying construction methods and quality, different 
technical and material specifications issued by State DOTs, as well as large variations in climatic 
and traffic characteristics (Quintus et al., 2005). For instance, pavement surface life will most 
likely be different in Florida and New York due to different climate conditions. (Parsons and 
Pullen, 2016) 
George et al. (1989) have identified PCR, pavement age, pavement thickness and equivalent 
single axle load as major contributing factors to determine the service life. They considered any 
International Roughness Index (IRI) number greater than 150 to indicate failure of the pavement. 
After making this decision, George et al. (1989) suggested that estimated life would indicate an 
age in which the pavement section needs its first maintenance or rehabilitation treatment. 
According to the NCHRP Report (2012), an age-based long-term pavement performance model 
with 493 observations can be described by Equation (2) for asphaltic concrete: 
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ln(𝐼𝑅𝐼)  =  0.035 +  0.049 x (𝐴𝑔𝑒)  −  0.12 x (𝐿𝑇𝐻𝐼𝐶𝐾)  −  0.19 x (𝑆𝑃𝑅𝐸𝑃); 𝑅
2  =  0.52 (2) 
where; 
ln (IRI) is the natural log of IRI value in meter/kilometer 
Age is the elapsed time since last maintenance or repair (in years) 
LTHICK is a variable related to thickness of new material used for maintenance or rehabilitation  
(LTHICK = 1 if 5 inches, 0 if 2 inches) 
SPREP is a variable representing surface preparation (SPREP = 1 if intensive, 0 if not intensive) 
In the same research by the NCHRP Report (2012), another model was developed to find the life 
of functional asphaltic concrete overlay treatment based on interstate road data. The best 
regression model for this study is shown as Equation (3): 
𝐼𝑅𝐼 =  𝑒−1.37+2.18 × log (𝑃𝑟𝑒 𝐼𝑅𝐼)+ 0.3 × 10
−5× 𝐴𝑔𝑒 ×𝑇𝑅𝐴𝐴𝐷𝑇 + 0.03 × 𝑃𝑟𝑒𝑐𝑖𝑝;  𝑅2 = 0.59 (3) 
where; 
Pre IRI is the IRI value before the treatment 
Age: Treatment age 
TRAADT: Truck annual average daily traffic 
Precip: Annual average precipitation 
In Equation (3), if the natural log of both sides is taken, this would give the formula for treatment 
life. Thompson et al. (2016) calculated the average age of asphaltic concrete pavement as 16 
years by using average age values in the study. Later in the guidebook, the authors developed a 
Markov Chain model for resurfacing treatment with a transition along with average deterioration 
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curve (Thompson et al., 2016). The result obtained from Markov chain for life expectancy of 
pavements treated with resurfacing indicated an average life of 12 years (Thompson et al., 2016). 
A closer look at the literature on regression models and Markov Chains, however, reveals a 
number of gaps and shortcomings. Small R2 values indicate that models cannot explain all the 
variability of the response data around the mean value. Moreover, Thompson et al. have not 
examined whether regression analysis and Markov chain analysis would provide similar results 
for both asphaltic concrete and resurfacing treatment (Thompson et al., 2016). In addition, 
historical data on treatments such as maintenance, repair or rehabilitation are of significant 
importance for prediction modeling. It might be misleading to predict the life expectancy without 
knowing the impacts of both deterioration and deterioration under preventative measures. 
Therefore, special attention was paid to filtering data and removing inconsistent observations in 
this particular thesis. 
2.9.1. Regression Analysis 
Regression analysis is a statistical method used to express the relationship of two or more 
variables of interest. Linear regression, polynomial regression, stepwise regression and multiple 
linear regression models are some of the regression techniques, and essentially, they are used to 
analyze the influence of independent variables such as equivalent single axle load, pavement 
thickness and subbase properties on dependent variables such as pavement condition rating and 
international roughness index in pavement management systems (Thompson et al., 2016). 
Over time, extensive literature has been developed on regression analysis, and a number of 
authors have utilized regression in pavement deterioration modeling (O. A. Abaza and Mullin, 
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2013; Colucci-Rios and Sinha, 1984; George et al., 1989). In order to perform regression 
analysis, first and foremost, dependent and independent variables should be determined. 
In the literature, there are several examples of researchers using pavement condition rating 
(PCR), international roughness index (IRI), pavement age and the date when maintenance or 
rehabilitation was last performed in their regression analysis (O. A. Abaza and Mullin, 2013; 
Colucci-Rios and Sinha, 1984; George et al., 1989). Abaza and Mullin (2013) acquired four 
years of IRI and rutting data from Alaska Department of Transportation and Public Facilities for 
an arterial. The authors performed multi-linear regression analysis to forecast future pavement 
condition in terms of IRI and rutting (O. A. Abaza and Mullin, 2013). While many DOTs or 
other public agencies name pavement condition rating data differently, or use a different scale in 
the assessment, it is also known that most road agencies combine IRI and rutting data and 
calculate Service Index (SI) (O. A. Abaza & Mullin, 2013). Given 5-mile data with each row 
indicating 20 ft of intervals, O. A. Abaza and Mullin (2013) used a spreadsheet to calculate min, 
max and standard deviation for each row and then plotted each mile on a graph to compare R2 
values between linear, power and polynomial trend lines.  
In their data analysis, Abaza and Mullin (2013), obtained the linear regression equation below 
with an R2 value of 0.63 after plotting one mile IRI average versus the year in which the data was 
taken. Equation (4) demonstrates the change in IRI values with respect to time in years.  
𝐼𝑅𝐼 =  22.1 𝑥 𝑌𝑒𝑎𝑟 −  44,267 (4) 
According to their study, the standard deviation of IRI from year 2007 to 2010 jumped from 39 
to 106 which might be an indication of the irregular data distribution (O. A. Abaza and Mullin, 
2013). In other words, while some portion of the road remained in the same or similar condition, 
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some parts had significant deterioration. The same study provides another equation with an R2 
value of 0.96 with a standard deviation of 0.192 in year 2007 and 0.246 in 2010 for rutting. (O. 
A. Abaza and Mullin, 2013). Although regression analysis is widely accepted, Abaza and 
Mullin’s study suffers from a lack of data, which may account for the difference between the 
goodness of fitting lines for IRI and rutting.  
In another study, Huang and Moore (1997) performed multiple linear regression and used two 
Artificial Neural Network (ANN) models, which is discussed in Section 2.9.3 in detail, to 
forecast the probability of pavement deterioration for asphalt pavements. Huang and Moore used 
17 independent variables for the input of the ANN model such as cumulative traffic in terms of 
80 kN equivalent single axle loads, pavement thickness, regional factors determined by 
AASHTO, base and subbase support values as well as modulus values (Huang and Moore, 
1997). The authors performed four different analyses: multiple linear regression with manual 
entry to SPSS, multiple linear regression with stepwise procedure in SPSS, back propagation 
neural network with one output and back propagation neural network with two output variables. 
Overall, there was a significant positive correlation between the two ANN models, and it is 
concluded that multiple regression models had lower success rates than the ANN models (Huang 
and Moore, 1997). 
In a more recent study, Xu, Bai and Sun (2014) investigated pavement deterioration modeling of 
Kentucky roads by developing an artificial neural network and using multiple linear regression 
analysis. Datasets used in this study included route ID, pavement type, start and finish points of 
the distresses as well as cracking index. The authors investigated the data they gathered from the 
Kentucky Transportation Cabinet (KYTC) and looked for the years which do not have a cracking 
index. KYTC evaluated the road conditions in fall before 2009, and they performed evaluations 
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in the Spring after 2009. Therefore, starting from year 2009, for each year that does not have 
cracking index, the authors shifted years by one year for each missing data. To illustrate, if there 
is no cracking data available for 2009, then year 2010 was changed as 2009, year 2011 was 
changed as 2010 and so on. The authors also mentioned that the start and end point of the road 
segments may vary from one year to another because of the fact that cracks are evaluated by 
different personnel ever year. Disturbing the raw data can bring about misleading results, 
therefore, selection of data in either model must be done with due diligence. On the other hand, 
Xu, Bai and Sun (2014) also assumed that if cracking index decreased from a relatively high 
value to 0, then there must have been maintenance or rehabilitation, so in this case they assumed 
the age of pavement as 1 for the year after treatment.  
After cleaning out noisy data, the authors used cracking index variables, pavement age, average 
daily traffic and IRI in their analysis. Xu, Bai and Sun performed linear regression and three 
hidden layers in an artificial neural network (Xu et al., 2014). The software used to analyze the 
ANN data was SAS Enterprise Miner 12.1. The authors created two sets of data which was 
composed of different input variables in the multi linear regression phase of the study. The first 
dataset included 12 different input variables and the second dataset had only 4 variables selected 
by the Kentucky Transportation Cabinet experts. Eventually, Xu, Bai and Sun (2014) found 
results based on the average square error and R2 as performance measures. The dataset with four 
variables gave a relatively lower average square error and a higher R2 in the study. On the other 
hand, the authors used a multilayer perceptron in the model, which is a feedforward artificial 
neural network that generates outputs from a set of inputs, and achieved a small average square 
error by using four hidden layers. Consequently, both multi linear regression analysis and the 
artificial neural network model provided credible results with small average square errors. 
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Contrary to expectations, there is not a significant difference between the cubic polynomial 
function of specially selected inputs and the linear regression. 
2.9.2. Markov Chains 
Another important method to determine the life expectancy of assets is to use Markov chains 
which help overcome uncertainties of the regression model in exchange for a few assumptions. 
In terms of definition, there are significant differences between Markov chain and regression 
analysis. Failure of the pavement can be defined as the worst condition of the pavement. It does 
not necessarily mean that the pavement is not providing service any more. Failure, in a Markov 
chain, represents how soon an action should be taken to replace or extend the lifetime of the 
pavement as the model output shows the probability of being in different states. Because of the 
fact that the pavement does not fail, but deteriorates over time, failure of the pavement is 
generally taken as a rating of 5 or less on a scale of 1 to 10. 
Below is a Markov deterioration model example where numbers in the matrix are called 
transition probabilities. Transition probabilities represent the probability of the asset condition 
changing from state i to state j. Note that the sum of each row must be 100%. While the matrix in 
Figure 2 shows the transition probabilities of the asset in the year 1, multiplying the matrix by 




Figure 2. Markov Deterioration Model Example (The NCHRP Report, 2012) 
Transition probabilities are generally obtained by field inspections over the years. That being 
said, missing data can also be predicted by an expert with considerable experience. Figure 2 
demonstrates that 95.3% of the pavements will remain in the same condition rating of 1 after a 
year, 4.6% of the pavements in the network will deteriorate from a condition rating of 1 to 2, and 
0.1% of the pavements will deteriorate from condition rating of 1 to 3. Note that 1 represents the 
best condition and 5 represents the worst condition in this example.  
After matrix multiplication, the row matrix gives the probability of being in each state (assuming 
the starting condition probability matrix is a row matrix with 100% probability of being 
condition level 1). Future condition forecasts shown in Figure 3 were obtained by matrix 
multiplications. The median life expectancy was calculated as 40 years with 51.3% probability of 
failure as shown in Figure 3. Agencies may assume that this is the time for maintenance or 
rehabilitation as the asset has more than 50% probability of failure. As shown in Figure 3, the 
Markov model forecasts that the asset will reach 51.3% probability of failure in its 40th year. 
When the result is compared with the pavement deterioration prediction models, it is usual to 




Figure 3. Future Condition Forecasted Values (The NCHRP Report, 2012) 
The National Cooperative Highway Research Program Report (2012) revealed an alternative 
method for a Markov model which may present more challenges than the previous method. The 
dataset for this study can be composed of inspection grades of different streets over a certain 
period of time. In order to come up with an accurate forecast, steps listed below must be 
followed: 
• Original inspection data must be converted into failed or non-failed data. This means that 
for a given year, instead of giving the probability of each condition state, sum the 
percentages for failed and non-failed states (e.g. 25% failed, 75% non-failed). 
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• Create another column and fill out failed and non-failed information with upcoming year 
to compare the adjacent years. This will help delete data where there has been any 
treatment for the pavement. Treatments can be noticed if there is a jump in the data for 
the upcoming year such as failed and non-failed probabilities jump from 75 and 25 to 100 
and 0, respectively. 
• After deleting the data for the years in which there has been treatment, average condition 
percentages for before and after case must be calculated. 
• Next step should be calculation of transition probabilities. Dividing non-failed percent 
after by non-failed state before, same-state probabilities can be calculated. To find 
deterioration probability, same-state probability must be subtracted from 100%.  
• Median life then would be calculated as log (0.5)/log (same-state probability) 
Even though attempts to reach median life expectancy is feasible, the shortcomings of this 
method have been clearly recognized as this approach is not well suited to individual streets. 
Calculating condition for before and after situation for the entire network offers no explanation 
for an individual street level. That being said, for network level calculations, this method 
provides satisfactory results.  
2.9.3. Artificial Neural Networks 
Artificial Neural Networks (ANN) have been broadly applied in pavement condition modeling. 
The idea behind the learning process of neural networks is based on calculation of loss function 
and error minimization using back propagation and feed-forward techniques. Although this 
approach is interesting, training and testing databases take a tremendous amount of time 
especially when there is a large amount of data. A large number of existing studies in the broader 
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literature has demonstrated that back propagation and the generalized delta rule are the most 
common neural network applications that are used to forecast pavement conditions (Lou et al., 
2001). As a concept, artificial neural networks are nonlinear regression models with many 
parameters making it possible to approximate any values in the dataset (Haur Lee et. al, 1995). 
One of the most significant discussions in the neural network is the number of neurons to be 
used. According to Ripley (1993), eventually it can be concluded that neural networks are allied 
optimization methods.  
There are two types of models to forecast cracks in artificial neural networks: the static model 
and the dynamic or time-series model. Lou et al. have modeled crack conditions as a function of 
characteristics of the pavement material and structural condition, traffic condition as well as 
environmental conditions at a given age (Lou et al., 2001). The static model requires collection 
and analysis of extensive data from the field or laboratory. However, the dynamic model is 
solely dependent on the historical crack data and is much easier to work with to obtain accurate 
results. The logic that lies beyond dynamic modeling is that the model tries to capture the 
dynamics of the changing processes based on the nonlinear relationship and repeating patterns.  
The advantage of using neural network models is that they can be trained to demonstrate past and 
future data and highlight their relationship. Lou et al. assumed that the crack condition is time 
dependent, and the current condition depends on present and past conditions in their back 
propagation neural network study (Lou et al., 2001). In a nutshell, neural networks operate 
similarly to the human nervous system and attempt to identify underlying relationships in a set of 
data. In this study, Lou et al. have shown that the network is divided into three main layers such 
as an input layer, an output layer and a hidden layer of neurons in between. The output of a 
neuron is calculated in Equation (5) and (6) (Lou et al., 2001): 
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𝑂𝑘𝑝 = 𝑓(𝑎) =
1








where Okp is the output of a neuron for pattern k and f(a) is a sigmoid function having a 
characteristic of an S-curve. In the formula, gk is the gain of transfer function for neuron k; akp is 
the sum of inputs to neuron k for pattern p; 𝑤𝑗𝑘 is the weight of the connection between neurons 
k, and xjkp represents j
th input to neuron k for pattern p. “n” on the summation sign is showing the 
number of input neurons connected to neuron k. 
After computing the first step, an error signal is computed for pattern p (Lou et al., 2001): 
𝐸𝑝 =  






where Ep is the square of the output error for pattern p; N0 is the number of neurons in the output 
layer and Tkp is the value aimed to be obtained of neuron k for pattern p. In the last step of back 
propagation neural network, the goal is to minimize the above error (Lou et al., 2001): 
(∆𝑤𝑗𝑘)𝑝 =  −𝜂
𝜕𝐸𝑝
𝜕𝑤𝑗𝑘
 + ∝ (∆𝑤𝑗𝑘)𝑝−1 
(8) 
where 𝜂 is learning coefficient, a positive constant; ∝ is momentum term used for rapid 
convergence.  
As an alternative solution to regression analysis and Markov chain, back propagation neural 
network is highly complicated. Table 3 demonstrates that the desired outputs are 0,2,4,6 and 8 
for the inputs 0,1,2,3,4 respectively. Even though it is easy to figure out the relationship between 
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the inputs and the outputs, in most datasets for pavement deterioration the relationships will not 
be linear.  
Forward propagation is the process where the flow goes from the input through neural network 
to the output. In this process, loss function is calculated to see the divergence from or 
convergence to the desired output values. It is also important to consider the total error in the 
entire dataset. Since the purpose is to converge to the desired outputs as much as possible, 
weights can be increased or decreased with 0.0001 incremental steps, and this is the reason why 
ANN is time consuming especially when there is a big dataset. On the other hand, taking the 
derivative of loss function (𝜕𝑤𝑗𝑘  in Equation (8)) allows to estimate the change faster. 
Table 3. Root Mean Square Error Calculation (Moawad, 2018) 
Input Desired Output 
Actual Output 
w = 3   
Root Mean 
Square Error (3) 




0 0 0 0 0 0 
1 2 3 1 3.0001 1.0002 
2 4 6 4 6.0002 4.0008 
3 6 9 9 9.0003 9.0018 
4 8 12 16 12.0004 16.0032 
  Total: 30 - 30.006 
Table 3 demonstrates that when “w” is changed from 3 to 3.0001, sum of squares of errors will 
change from 30 to 30.006. To make it clear, increasing the weight by 0.0001 led to an increase in 
error by 0.006. Similarly, decreasing the weight will result in converging to the desired value. 
It should be noted that the process followed in Table 3 includes only one hidden layer or neuron, 
and it is possible to use multiple layers between the input and the output as well. Back 
propagation neural network, which is commonly used and referred to in the literature, is 
practically a model that allows to go back in multiple hidden layers by taking derivatives.  
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As long as the desired output is not reached, the model can always back propagate until it comes 
up with a better output which is either the desired output or a closer approximate value. 
The last step of back propagation neural network, in Equation (8) can be simplified as: 
New Weight (∆𝑤𝑗𝑘)𝑝  =  Old Weight (∆𝑤𝑗𝑘)𝑝−1 –  Derivative Rate (
𝜕𝐸𝑝
𝜕𝑤𝑗𝑘
) x Learning Rate (𝜂) (9) 
Inferences from the equation can be explained as below: 
• Positive derivative rate means that the error will increase if the weight is increased. 
• Negative derivative rate means that the error will decrease if the weight is increased. 
• No update on weight is necessary if the derivative rate equals 0.  
Finally, iterating until convergence will help in getting the desired output. 
Lou et al. (2001) used a database with Crack Index (CI) values over a period of years, number of 
lanes in each section, start and finish lane mileage of the section, pavement surface type and age 
of the pavement to develop a model using time series. However, generating an equation to 
forecast the future condition of the pavement was the main concern of the authors. A variety of 
options are used to generate a neural network, and each has advantages and drawbacks. 
According to Lawrence and Fredrickson, having few hidden neurons can lead to undesired 
results due to inadequate learning from the past data (Lawrence and Fredrickson, 1993) On the 
other hand, former studies showed that using two hidden layers caused time-consuming training 
time and inefficiency of the training process. Lou et al. (2001) used only one hidden layer in 
their research where they divided the database into a training set, a testing dataset, and a 
validation dataset. In the study, values for preceding years were used to forecast values for the 
upcoming years. This study produced results which corroborate the findings of a great deal of the 
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previous work in this field with an R2 value of 0.91. It is also equally important that the model 
was later validated with an older dataset. 
2.10. Data Validation 
2.10.1. Resampling Methods 
Resampling is a nonparametric method that allows unique sampling based on the original data. 
In literature, many researchers utilized resampling methods to calculate the test statistics 
(Bhaven Naik, 2010; Brink, 2015). Resampling methods involve repeatedly drawing samples 
from an original database in a manner of refitting a given model on each sample to generate 
unbiased estimates. Resampling method is commonly used to estimate the precision of sample 
statistics such as standard deviation, variance and percentile as well as for validation of models 
by using random subsets. In pavement prediction modeling, resampling methods provide reliable 
assessment for models, especially when the sample size is small (Brink, 2015). That being said, 
even though there is no specific sample size requirement, a large sample size generates quite a 
narrow confidence interval and allows estimating the mean with a higher level of precision. This 
section presents a short review of the literature on resampling methods. 
2.10.1.1. Bootstrap Sampling 
Bootstrap method was originally proposed by Bradley Efron in 1979, as a non-parametric 
procedure for population inference from independent and identically distributed random 
variables. (Ebtehaj and Moradkhani, 2009). Bootstrap method is mostly regarded as a 
breakthrough in statistics since bootstrapping is much more flexible than classical statistical 
methods and it does not require as many assumptions (Johnson, 2001). The idea behind 
bootstrapping is to randomly select variables from sample data, remodel the sample data and to 
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generate a sample from resampled data. This would allow to estimate standard errors and 
confidence intervals of a population parameter and derive mean, median, standard deviation, 
percentiles and regression coefficients. In the event that there is not enough data for pavement 
sections, bootstrapping would provide robust results to calculate the confidence and prediction 
intervals as well as relative frequency of resampled data. However, the results should be 
interpreted with caution as both the population and the true error in a sample population are 
unknown. Examples of the use of bootstrapping method in civil engineering research and 
practices include, but are not limited to, pavement structural evaluation (Damnjanovic and Zhang 
2006), parametric estimation of building costs (Sonmez, 2008), uncertainty evaluation in travel 
time prediction models (Bhaven Naik, 2010), parameter uncertainty estimation of hydrologic 
models (Ebtehaj and Moradkhani, 2009) and performance prediction models (Brink, 2015).  
The methodology involves taking an original dataset of size N and sampling from it to generate 
new samples that are of the same size. This process is repeated more than once as more bootstrap 
samples provide more accurate results. A rule of thumb is to repeat the same process one 
thousand times to obtain satisfactory results. Even though it is impossible to know the true 
confidence interval, when compared with other methods, bootstrapping provides more accurate 
results in terms of prediction and confidence intervals. Previous research has also shown that 
sampling with replacement in bootstrapping overshadows sampling without replacement in terms 
of accuracy (Ho Yu, 2003). Due to the fact that the resample size is smaller than the original 
sample in jackknife and cross-validation, bootstrapping method has the advantage of modeling 
the impacts of the actual sample size (Fan and Wang, 1996).  
Bootstrap method is heavily dependent on computer calculations mainly because of the number 
of resampling distributions created. After sampling a population, bootstrap measures statistics of 
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the sample, so that the corresponding parameters of the population can be interpreted based on 
the statistics created (Taylor, 2019). Bootstrap confidence intervals help quantify the 
uncertainties. One of the main purposes of bootstrapping is to estimate the likely extent of 
sampling error (Wood, 2003). It should be noted that a good fit does not always guarantee 
accurate predictions and a bias correction may be needed (Sonmez, 2008).  
2.10.1.2. Cross-Validation 
Cross-validation method has been used in several studies to assess the prediction performance of 
models (Asmar et al., 2011; Hwang, 2010). Leave-one-out cross-validation technique leaves one 
data point out during modeling in each remodel, and the new model is used to predict the 
previously selected data point. If the process is assumed to be repeated “n” times, this will yield 
“n mean squared errors” which can be averaged together to yield leave-one-out cross-validation 
estimate of “the test mean squared error” (see Equation (10)) (Rathi, 2018): 







Leave-one-out cross-validation method tends not to overestimate the test mean squared error due 
to the fact that a large dataset is used for training. The procedure is repeated for each sample 
point and values are compared with the observed values to evaluate the performance of the 
model (Sonmez, 2008). 
2.10.2. Expected Value 
The expected value of a random variable is the long-run average value of repetitions and is 
calculated by adding all possible values multiplied by the probability of their occurrence. The 
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expected value of a discrete random variable X having a probability mass function p(x) can be 
calculated as in Equation (11) (Ross, 2007): 
𝐸(𝑥) =  ∑ 𝑥 𝑝(𝑥)
𝑥: 𝑝(𝑥)>0
 (11) 
In statistics, expected value is commonly used to have an understanding of long-term mean value 
expectations. In this research, pavement condition probabilities and condition ratings were used 
to determine the expected rating in each street type and these values were compared with the 
outcome of Bootstrap modeling. 
3. METHODOLOGY 
3.1. Developing a Method for Pavement Deterioration Prediction 
In order to forecast pavement condition in the future, regression models, Markov chains and 
Artificial Neural Network models were researched and analyzed thoroughly. Researchers mainly 
used pavement age, pavement condition assessment date, structural properties, traffic load (i.e. 
equivalent single axial load), environmental conditions and pavement thickness as independent 
variables in their models (O. A. Abaza and Mullin, 2013; George et al., 1989; Xu et al., 2014). In 
addition, pavement performance indicators of interest such as International Roughness Index 
(IRI), Pavement Condition Rating (PCR), Present Serviceability Index (PSI) as well as individual 
rutting, cracking indices were treated as dependent variables (George et al., 1989). In this study, 
the limitation has been the extent of data which did not include any structural properties, traffic 
loading or any other variables that could help in developing an accurate regression model. In 
terms of selecting the right method, even though Artificial Neural Network (ANN) provides 
reliable outputs, ANN is more suitable for large datasets due to its outstanding advantage of 
detecting complex nonlinear relationships between dependent and independent variables. Due to 
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lack of important data such as age of the pavement, overlay thickness, equivalent single axle load 
and substructure properties, regression analysis would not provide sound results either. 
Before developing a model, both deterministic and stochastic mathematical models have been 
researched to determine the best fitting model. Deterministic models are determined through 
known relationships and usually expressed in terms of differential equations with initial and 
boundary conditions. In such models, a given input will always produce the same output. On the 
other hand, stochastic models use a range of variable values in the form of probability 
distribution functions, and the outcome is uncertain. A Markov chain is a stochastic model that 
experiences transitions from one state to another where the probability of each event depends on 
the current state no matter how the process arrived at its present state. In other words, a Markov 
chain is memoryless as the next state depends solely on the current state, not on any of the 
previous states. In statistics, memoryless property of a stochastic process is also known as 
Markov property and can be shown as follows (Dechsiri, 2004): 
𝑃(𝑋𝑡𝑛+1 ∈ 𝐴 | 𝑋𝑡0 = 𝑥0, … , 𝑋𝑡𝑛 =  𝑥𝑛) = 𝑃 (𝑋𝑡𝑛+1 ∈ 𝐴 | 𝑋𝑡𝑛 =  𝑥𝑛) (12) 
In related previous work, Markov models were used to predict the progress of deterioration of 
harbor and coastal structures (Yokota and Komure, 2003), building conditions (Edirisinghe et al., 
2015), crack performance of flexible pavements (Yang et al., 2005), performance of bridge deck 
systems (Morcous, 2006). Markov models provided robust results in predicting the average 
condition of assets. 
The aim of this study is to propose a model that will be able to forecast the future condition of 
pavements in the City of Syracuse in the absence of data on pavement age, traffic density or any 
related information regarding pavement structure.  
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Given the limited data on road conditions, it was concluded that Markov chain is the most 
suitable model to forecast future pavement conditions in Syracuse, NY.  
3.2. Data Acquisition 
The first set of the analyses investigated the selection of data on pavement prediction modeling 
for the City of Syracuse. The initial dataset to be used in this study is given in Table 4. 
Table 4. Syracuse Road Ratings Dataset with Descriptions 
Address Number Block number for the street segment 
Street Name Street Name for the street segment 
Street Type 
Type of street:  
Alley, Ave, Blvd, Cir, Ct, Dr, Ln, Park, Path, Pkwy, Pl, Rd, St, Ter 
Direction Direction of the street, if applicable: E, N, S, W 
Overall Rating 
The overall condition rating.  
Scale of 1-10 where 10 is a newly paved road and anything rated below a 5 
has typically been considered a candidate for reconstruction. 
Crack Rating 
A rating sub-category based on the amount and severity of the cracking.  
Scale of 1-5 with 5 indicating no cracking. 
Patch Rating 
A rating subcategory based on frequency and condition of utility cuts and 
patches. Scale of 1-5 with 5 indicating no patches. 
Length Length of the road in feet 
Width Width of the road in feet 
Class 
Class type of road:  




Pavement Type:  
6: street with curbs and at least 3 inches of asphalt over a concrete base 
4: street with full-depth asphalt (at least 7 inches) but without a concrete 
base or curbs 
3: street with no curbs, no improved sub base, and 3 inches or less of 
asphalt. These streets are almost always residential streets.  
Flushing/Oiling 
There are two City ordinances that tax property owners for street 
maintenance: The flushing ordinance identifies the "improved" streets (those 
having curbs) which will be flushed and swept. The oiling ordinance 
identifies Unimproved streets (those without curbs) which will receive a 
slurry seal at 4-year intervals. 
Street ID Street ID for each segment of roads 
DLO 
Date of last overlay, most recent date at which the street was paved.  If 
blank, there is no record of any paving work performed since 1985. 
 
Road ratings from year 2000 to year 2015 are stored in separate excel sheets. The number of 
observations vary from one year to another. On average, streets, avenues and roads account for 
45.5%, 31.4% and 7.3% of the overall dataset. Pavement data are also divided into three groups 
as per the pavement subbase property and based on whether there is a curb or not. A great 
majority of records (60.9%) had curbs and at least 3 inches of asphalt over a concrete base, while 
35.3% had no curbs, no improved sub base, and 3 inches or less of asphalt. On the other hand, 
only 3.8% of the records had full-depth asphalt (at least 7 inches) but no concrete base or curbs. 
While the inspected minimum pavement section length was 80 ft. (500 block of Massena St.), the 
longest inspected pavement section had a length of 6450 ft. (300 block of James St.). 
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ArcGIS was used to make sure the same pavement sections were not counted more than once. 
Figure 4 illustrates the inspected pavement sections in the City of Syracuse. Pavements were 
inspected in downtown Syracuse, Syracuse University neighborhood, areas around major 
hospitals as well as East and North Syracuse.  
 
Figure 4. ArcGIS data showing the inspected streets in Syracuse, NY 
3.3. Data Processing 
Pavement condition data from 2000 to 2015 include approximately 4,800 rows for each year 
with block numbers, street names, street types, directions, overall road ratings, cracking and 
patch ratings, lengths, widths, road classes, pavement type, flushing/oiling, street IDs and dates 
of last overlay. Street IDs have been the primary key with values that are unique throughout a 
table and have been used to set relationships between records that were in separate sheets.  
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Pavement data for year 2000 was used as a benchmark and the rest of data were added to the 
adjacent columns with Microsoft Access. The query design was created, and a one-to-one 
relationship was set up to connect street ID in a table to the same street ID in another table. This 
provided a complete dataset having all information based on street IDs. After exporting MS 
Access data to MS Excel, all duplicate street ID values were deleted. There were cases where 
roads with the same block number, name, length and width as well as the same ratings remained 
in the dataset. These streets were also checked via ArcGIS and it was found that long roads were 
divided into multiple sections and were given unique street IDs.  
Consecutive years were studied separately such as years 2000-2001, 2001-2002, etc. Before 
filtering out data as per street types and pavement types, last rating dates of consecutive years 
were checked and those which had identical dates were deleted. Secondly, overall pavement 
condition ratings were compared to see if any maintenance, repair or rehabilitation work had 
been conducted in two consecutive years. Records with lower PCR values than the ones in 
upcoming years were deleted. Finally, all data were categorized as avenues, streets, roads as well 
as pavement types 3, 4 and 6. This was done to examine possible differences between road and 
pavement types. Other than the fact that the above-mentioned road types constitute the majority 
of data, demand on each pavement type was also expected to be different than the other. This 
would make it easier to distinguish the rate of deterioration under different traffic loads. In the 
absence of data on exact pavement thickness and structural properties of the pavement sections, 
pavement type data was used to investigate differences in deterioration rates. 
For the calculation phase of the research, the number of records in each pavement condition 
rating was found, and then the number of records deteriorating to each state was calculated. In 
order to generate an accurate forecast, data from all years were combined at the end. To calculate 
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transition probabilities (Pij), the number of records transitioning from one state to another (Nij) 
was divided by the total number of records (Ni) in the starting condition state. Before moving the 
data to Markov matrix, average Pij values were calculated by taking weighted averages of 
probability values obtained from consecutive year couples. In other words, years with more data 
had more weight in calculating the resulting probabilities compared to year couples with fewer 
data points. Then, a 10x10 Markov matrix was developed with calculated transition probability 
values and future conditions were calculated by matrix multiplications. In the last step, resultant 
row matrices were combined in one table showing probabilities of being in different states over 
20 years with no external treatment activities such as maintenance, repair or rehabilitation. In the 
literature, similar studies have been performed and authors usually looked at the cumulative 
probability of the last state, where they assumed a 50% probability of being in the last state 
indicated a need for treatment (Thompson et al., 2016). Decision makers in Syracuse consider 
pavements with condition ratings of 5 and below out of 10 as candidates for maintenance or 
rehabilitation works. Therefore, cumulative probabilities of being in states 5, 4, 3, 2, and 1 were 
taken into account to reach to an appropriate decision.   
In this research, the whole network was studied rather than each individual pavement section. In 
other words, it was not the objective to examine the transition probabilities for an individual 
pavement section over fifteen years. It would not be possible to carry out a computation at the 
section level as there was no data available for the same section over fifteen years. To put it 
simply, the approach followed lends itself better to network level decisions.  
3.4. Problems Encountered 
In order to calculate transition probability matrices, Pavement Condition Rating (PCR) of two 
consecutive years must be known. The major limitation in this study was that not many sections 
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were rated two years in a row. In addition, considerable number of sections have been treated, 
and thus their PCR values increased from the previous year. Given that the aim of this thesis was 
to investigate the pavement condition without any maintenance or rehabilitation, sections that 
exhibited an increase in their condition ratings were not used in the analysis. 
A common limitation for several studies on pavement deterioration modeling is the dependence 
on visual inspections. Additionally, it is doubtful whether or not the same crew performed 
inspections on the same network over 15 years. Therefore, data were interpreted with utmost 
caution and any noisy data were removed from the raw data.  
Developing a query design on MS Access based on Street IDs has led to creation of multiple 
identical data points due to the fact that there were already duplicates in the original dataset. 
After the first analysis, duplicates in the original dataset were deleted and then the query design 
was created. 
3.5.Assumptions Made 
The following assumptions were made in the development of Markov models: 
• Pavement conditions are determined once a year. 
• Condition can either remain the same or get worse during a transition period.  
• Transition probabilities solely depend on the present state. 
4. RESULTS 
In the development of Markov models, one of the difficulties is the calculation of transition 
probability matrices. A recent review of the literature on this subject found that transition matrix 
probabilities can be obtained by two methods (Ortiz-García et al., 2006). First is the use of expert 
opinion if there is a limited number of historical data. Secondly, transition probabilities can be 
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found by dividing the number of pavements which deteriorated from condition “i” to “j” by the 
number of pavements that started the year in condition “i” (Ortiz-García et al., 2006). This 
method has also been confirmed by another author in a similar study (Arimbi, 2015). Transition 
probability between two states can be found by: 





where, Pij is the transition probability; Nij is the total number of streets in network that started the 
year in condition “i” and deteriorated to transition “j” within one cycle; Ni is the total number of 
streets that started the year in condition “i”.  
Meanwhile, general form of probability matrix is denoted as: 
P = [
𝑃11 𝑃12 … 𝑃1𝑛
𝑃21 𝑃22 … 𝑃2𝑛
: :
𝑃𝑛1 𝑃𝑛2 … 𝑃𝑛𝑛
] 
(14) 
This matrix comprises all necessary information to calculate the probabilities between the 
condition states. To derive transition probability matrices, the following characteristics of 
transition probability matrices should be satisfied (Ortiz-García et al., 2006): 
• The sum of the probabilities in each row should be equal to one. 
• All probabilities must be non-negative. 
In order to calculate condition states for the future years, probabilities in each condition can be 
calculated as following: 
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𝐴𝑡 =  𝐴0 x P
t (15) 
where At is the condition probability matrix at time t, A0 is the condition probability matrix in 
time 0, and Pt is the transition probability matrix to the power of t in years. 
A portion of the avenue condition ratings for 2000 and 2001 used in transition probability 
calculation is shown in Table 5. The main focus of the analysis is to calculate transition 
probabilities based on the rating change in between two adjacent years. Therefore, while some 
streets started the year in a condition rating of 10, some streets are already in a failing state. 
4.1. Pavement Deterioration Prediction Modeling for Avenues 
In order to develop pavement deterioration models and predict the condition of avenues, the 
original dataset was combined in MS Access and then the tables were exported to spread sheets. 
Table 5 represents a portion of the avenues that have pavement condition ratings for both 2000 
and 2001. Note that the entire spread sheet was not imported here, however, a relationship was 
created between the street IDs. This helped observe the change in pavement condition ratings. 
Avenues with the same block number, the same length and width are different sections of long 








Table 5. Avenues with Corresponding PCR Values for 2000 and 2001 
block streetName streetType length width class streetID 2000 2001 
100 IDA AVE 147 23 Local 12564362 8 8 
100 DORWIN AVE 1550 27 Local 12564365 8 8 
100 CRAFTON AVE 285 26 Local 12564373 8 7 
100 GARY AVE 389 27 Local 12564389 7 7 
100 MAPLEWOOD AVE 1953.6 29.5 Local 12564408 8 7 
100 RICHFIELD AVE 1137 27.5 Local 12564409 8 7 
100 MAINS AVE 400 28 Local 12571767 9 8 
100 CAMP AVE 575 28 Local 12571771 9 8 
100 FORD AVE 1214.4 24 Local 12571962 5 3 
100 BERGER AVE 1262 25 Local 12571996 7 6 
100 ARLINGTON AVE 350 36 Local 12572035 5 5 
100 MAY AVE 477 26 Local 12572048 5 4 
100 RAYMOND AVE 440 27 Local 12572082 7 6 
100 EDMUND AVE 105.6 22 Local 12572091 7 7 
100 RICHARDSON AVE 559 27 Local 12572096 7 7 
100 EASTMAN AVE 264 25 Local 12572112 5 5 
100 RANDALL AVE 792 26 Local 12572117 4 4 
100 ROCKLAND AVE 350 20 Local 12572146 10 8 
100 GLAHN AVE 580.8 25 Local 12572153 7 7 
100 MILTON AVE 6019.2 35 Local 12572734 6 6 
100 COYKENDALL AVE 316.8 21 Local 12572802 7 7 
100 GRANT AVE   31 Local 12572973 8 7 
100 ROBERTS AVE 495 33.5 Local 12572988 5 5 
100 STERLING AVE 293 28 Local 12573218 6 6 
100 BALLARD AVE 375   Local 12573229 6 5 
100 PALMER AVE 2006.4   Local 12573262 6 5 
100 BELLEVUE AVE 352 30 CO 12573326 7 7 
100 LINCOLN AVE 2059.2 0 Local 12573345 7 7 
100 MIDLAND AVE 3056 34 MA 12573350 7 6 
100 WHITTIER AVE 3062.4 27 Local 12573397 8 7 
100 COLERIDGE AVE 700 25 Local 12573399 7 7 
100 WILBUR AVE 528   CO 12573407 8 6 
100 WILBUR AVE 176 41 CO 12573408 8 8 
100 WAITE AVE 369.6 18 Local 12573511 8 7 
100 DEWEY AVE 422.4 25 Local 12573512 8 7 
100 MCCORMICK AVE 264 12 Local 12573661 10 9 
100 MURRAY AVE 686.4 25 Local 12575505 10 7 
100 GANNETT AVE 528   Local 12575536 7 7 
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100 FISCOE AVE 985 27 Local 12576504 7 6 
100 CHAFFEE AVE 1064 27 Local 12576516 8 7 
100 FLORENCE AVE 1055 26.5 Local 12576599 7 6 
100 CRIPPEN AVE 422 26 Local 12576611 7 7 
100 CLARENCE AVE 350 27 Local 12576614 7 7 
100 GLEN AVE 714 23.5 Local 12576629 7 5 
100 GLEN AVE 1410 25 Local 12576631 6 6 
100 STEVENS AVE 258 27 Local 12576642 8 8 
100 SPRINGBROOK AVE 112 23.5 Local 12576652 7 7 
100 PACIFIC AVE 153 21 Local 12576692 8 8 
100 RILL AVE 275 23.5 Local 12576707 7 7 
100 SLAYTON AVE 665 25 Local 12576712 6 6 
100 DAWES AVE 990 25.5 Local 12576715 7 7 
100 SHELDON AVE 507 26 Local 12576716 7 6 
100 BELLE AVE 1504 24 Local 12576721 7 6 
100 FILLMORE AVE 1320 27 Local 12576743 8 7 
100 CHURCHILL AVE 175 24 Local 12576754 6 6 
100 MATSON AVE 633.6 24 Local 12576765 6 6 
100 OSTRANDER AVE 369.6 24 Local 12576767 8 7 
100 LYNHURST AVE 821 27 Local 12576768 7 7 
100 CALTHROP AVE 211.2 30 Local 12576774 6 5 
100 LAFAYETTE AVE 3941 30 Local 12576811 6 5 
100 BRIGHTON AVE 484 30 Local 12576812 5 4 
100 HOPE AVE 1425.6   Local 12576816 8 7 
100 FAGE AVE 950.4 25 Local 12576825 7 6 
100 FOREST AVE 1372.8 28 Local 12576827 7 6 
100 WARNER AVE 400 27 Local 12576833 6 5 
100 PLEASANT AVE 1720 27 Local 12576840 8 6 
100 PLEASANT AVE 137 25 Local 12576845 9 7 
100 LAFAYETTE AVE 316.8 35 Local 12576854 6 5 
100 BRIGHTON AVE 528 35 PA 12576856 7 7 
100 CORNING AVE 264 27 Local 12576857 4 3 
100 MCCLURE AVE 580.8 25 Local 12576871 6 6 
100 MCALLISTER AVE 739.2   Local 12576874 6 5 
100 AMHERST AVE 557 25 Local 12576881 5 5 
100 MCKINLEY AVE 1108.8 27 Local 12576884 6 5 
100 RUTH AVE 1003.2 16 Local 12576979 10 6 
100 MARK AVE 528 28 Local 12577223 8 6 
100 BEARD AVE 587 28 Local 12577235 8 4 
100 BORDEN AVE 585 27 Local 12577243 8 6 
100 MCLENNAN AVE 590 28 Local 12577245 8 7 
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100 BORDEN AVE 550 33 Local 12577250 7 6 
100 LANDON AVE 1267 27 Local 12577253 8 8 
100 KIRK AVE 2990 27 Local 12577254 8 7 
100 DOUGALL AVE 316.8 25 Local 12577283 8 6 
100 GARFIELD AVE 352 27 Local 12577324 10 8 
100 ALEXANDER AVE 686.4 27 Local 12577333 4 4 
100 ROSE AVE 528 20 Local 12577364 5 5 
100 OAKWOOD AVE 1300 34 Local 12577402 8 7 
100 BUCKINGHAM AVE 800 30 Local 12577554 10 9 
100 HAWLEY AVE 515 32 Local 12577971 6 6 
100 LEXINGTON AVE 1040 34 Local 12578210 7 7 
100 COLUMBUS AVE 352 36 Local 12578219 6 6 
100 ROOSEVELT AVE 495 25 Local 12578484 10 8 
100 FERRIS AVE 880 30 Local 12578741 7 7 
100 EAST AVE 550 27 Local 12578749 5 5 
100 KIDD AVE 662 20 Local 12578785 8 8 
100 RIDGEWAY AVE 1293 27 Local 12578832 5 4 
100 HARWOOD AVE 1572 25 Local 12578877 7 7 
100 MILNOR AVE 1572 23 Local 12578878 8 8 
100 DELRAY AVE 940 27 Local 12578955 8 8 
100 MELBOURNE AVE 550 30 Local 12578967 5 5 
100 HIER AVE 367 27 Local 12580114 4 4 
100 GRUMBACH AVE 367 27 Local 12580126 4 4 
100 MERZ AVE 422.4 35 Local 12580127 6 6 
100 GRASSMAN AVE 316.8 11 Local 12580181 10 7 
100 THIRD AVE 316.8 28 Local 12580269 6 5 
100 SCHILLER AVE 742 24 Local 12580282 6 5 
100 MERTENS AVE 371 27 Local 12580299 9 8 
100 DURSTON AVE 1450 25 Local 12580414 5 4 
100 MOONEY AVE 1109 25 Local 12580422 7 7 
100 SCHOECK AVE 514 30 Local 12580471 3 3 
100 PLEASANTVIEW AVE 2270.4 27 Local 12580480 7 7 
100 DORCHESTER AVE 580.8 27 Local 12580510 5 5 
100 GRAY AVE 844.8 27 Local 12580511 5 5 
100 KUHL AVE 1003.2 27 Local 12580604 5 5 
100 HOOD AVE 880 27 Local 12580617 6 6 
100 LISTMAN AVE 275 24 Local 12580635 7 7 
100 STAFFORD AVE 4277 29 Local 12581010 7 7 
100 COUGHLIN AVE 650 27 Local 12581063 6 6 
100 LILLIAN AVE 2587 25 Local 12581072 7 7 
100 ASHDALE AVE 716 27 Local 12581076 8 8 
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100 NICHOLS AVE 2700 18 Local 12581087 6 5 
100 COLLINGWOOD AVE 2587.2 28 Local 12581096 7 7 
100 EDWARDS AVE 1980 29 Local 12581106 8 8 
100 LYNWOOD AVE 686 24 Local 12581255 6 6 
100 BURNS AVE 484 26 Local 12581280 8 8 
100 CALEB AVE 1500 27 Local 13001428 8 5 
100 CRAWFORD AVE 460 27.5 Local 13001929 7 7 
100 AVERY AVE 455 36 CO 13010365 9 8 
100 PERSHING AVE 369.6 28 Local 13012410 10 8 
100 FORDLAND AVE 422.4 27 Local 13012486 8 6 
100 GLENWOOD AVE 600 25 MA 13020756 5 5 
100 SPAULDING AVE 899 28.5 Local 13028586 8 7 
 
Although the original dataset included many more columns, the columns which are needed for 
computations were imported in the thesis. Avenue condition ratings were prepared for 
consecutive years and transitions in between two years were analyzed. As one year’s data may be 
deceptive, in calculation of probabilities, average condition ratings were taken into account. 
Instead of taking arithmetic averages of each transition probability value, weighted average was 
calculated commensurate with the size of dataset. This provided more reliable data in terms of 
probabilities. 
Table 6 includes the number of avenues for each pavement condition rating (column: “qty”), 
along with the numbers of avenues that remained in the same condition state or moved to 
different condition states. Columns in Table 6 represent condition rating minus the deterioration 
rate. For example, there are 122 avenues with a pavement condition rating of 7 in year 2000, 84 
of which have remained in the same condition between 2000 and 2001, 32 of them transitioned 

















































































10 51 0 13 28 6 1 2 1 0 0 0 
9 48 0 42 6 0 0 0 0 0 0   
8 138 43 51 33 8 3 0 0 0     
7 122 84 32 5 1 0 0 0       
6 154 108 44 2 0 0 0         
5 77 60 13 4 0 0           
4 29 22 7 0 0             
3 3 3 0 0               
2 0 0 0                 
1 0 0                   
 
This process was repeated for each consecutive year couple up to 2015 and after that, transition 
probability matrices were calculated as shown in Table 7. In order to calculate the transition 
probability of each state, the number of avenues that remained in the same rating or deteriorated 
to as low as condition rating of 1 were divided by the number of avenues that started the year in 
that condition rating.  It is usual to expect the majority of avenues to remain at the same rating or 
deteriorate to one or two ratings below within an inspection period. Although this has been the 
case most of the time, it was also observed that some avenues deteriorated 3 or 4 steps below 
their current state. To illustrate, it was seen that one avenue deteriorated from a PCR of 10, 
which is a new state with no distresses, to a PCR of 4. This represented 1.9% of avenues that 
were in new condition in year 2000. There might be two possible explanations of this 
occurrence; either the ratings do not accurately represent the in-situ reality or there have been 






Table 7. Transition Probabilities for Each PCR for Year 2000 
  Same PCR - 1 PCR - 2 PCR - 3 PCR - 4 PCR - 5 PCR - 6 PCR - 7 PCR - 8 PCR - 9 
10 
Nij 0 13 28 6 1 2 1 0 0 0 
Ni 51 51 51 51 51 51 51 51 51 51 
Pij 0 0.255 0.549 0.118 0.020 0.039 0.020 0 0 0 
9 
Nij 0 42 6 0 0 0 0 0 0  
Ni 48 48 48 48 48 48 48 48 48  
Pij 0 0.875 0.125 0 0 0 0 0 0  
8 
Nij 43 51 33 8 3 0 0 0   
Ni 138 138 138 138 138 138 138 138   
Pij 0.312 0.370 0.239 0.058 0.022 0 0 0   
7 
Nij 84 32 5 1 0 0 0    
Ni 122 122 122 122 122 122 122    
Pij 0.689 0.262 0.041 0.008 0 0 0    
6 
Nij 108 44 2 0 0 0     
Ni 154 154 154 154 154 154     
Pij 0.701 0.286 0.013 0 0 0     
5 
Nij 60 13 4 0 0      
Ni 77 77 77 77 77      
Pij 0.779 0.169 0.052 0 0      
4 
Nij 22 7 0 0       
Ni 29 29 29 29       
Pij 0.759 0.241 0 0       
3 
Nij 3 0 0        
Ni 3 3 3        
Pij 1.000 0 0        
2 
Nij 0 0         
Ni 0 0         
Pij 0 0         
1 
Nij 0          
Ni 0          
Pij 0          
It should be noted that if the sample size is not large enough, results may be misleading. Taking 
all years from 2000 to 2015 into account has given the opportunity to observe a sufficient 
number of samples. Table 8 demonstrates the overall number of avenues (for 15 consecutive year 
couples between 2000 and 2015) that transitioned from condition state of 10 to another or those 
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remained in the same PCR after a year. After compiling all avenue condition ratings from 2000 
to 2015, it was found that only 0.4% of avenues deteriorated from PCR 10 to PCR 4 as shown in 
Table 8.  
It can be questioned as to why the number of avenues with a condition rating of 10 was less than 
any other avenues with lower ratings. This can be explained by a few arguments. Firstly, 
condition ratings for two consecutive years were sought, and many streets did not have pavement 
condition ratings for both years. In the initial data, several avenues were marked as “N/A” which 
meant that there was no inspection rating available for that year. Therefore, even if there were 
many more avenues with a PCR of 10, if these avenues had not been inspected the year after, 
transition probabilities could not be calculated. This was encountered mostly in avenues with 
higher ratings simply because the agency did not need to inspect them right after construction or 
major rehabilitation works. A second explanation for this issue might be the fact that avenues 
that deteriorated to the PCR of four or five might have received maintenance treatment instead of 
rehabilitation or resurfacing which could bring them to PCR of seven or eight. Lastly, if an 
avenue was rehabilitated to a PCR of 10, a year after it is likely that the same avenue had a lower 
rating than 10, since 10 is a condition rating that is given to the newly constructed pavements. In 
addition, the same avenue was not taken into account since this research demonstrates the 
pavement deterioration models with no maintenance or rehabilitation. 
After including the entire sections of avenues, the number of avenues used in the assessment 
increased dramatically, and as a result, this affected the number of avenues with a condition 
rating of 10. Note that this study has been performed in two stages: one with the exclusion of 
long avenue sections and accounting only one part of it, and secondly with counting all the 
avenues, streets and roads that have separate street IDs. Tables, figures and charts given in this 
55 
 
thesis represent the data with the inclusion of each street IDs. For instance, Euclid Ave. in 
Syracuse, NY was re-paved in 2018, and in the first round of calculation Euclid Avenue’s rating 
was considered as 10. At the second round, parts in between intersecting streets that are assigned 
different streets IDs were included as separate records.  
Table 8. Weighted Average Calculation for PCR of 10 Between 2000 and 2015 
  Same PCR - 1 PCR - 2 PCR - 3 PCR - 4 PCR - 5 PCR - 6 PCR - 7 PCR - 8 PCR - 9 
10 
Nij 0 13 28 6 1 2 1 0 0 0 
Ni 51 51 51 51 51 51 51 51 51 51 
Pij 0.000 0.255 0.549 0.118 0.020 0.039 0.020 0.000 0.000 0.000 
10 
Nij 0 17 23 4 4 1 1 2 0 0 
Ni 52 52 52 52 52 52 52 52 52 52 
Pij 0.000 0.327 0.442 0.077 0.077 0.019 0.019 0.038 0.000 0.000 
10 
Nij 2 0 10 0 2 0 0 0 0 0 
Ni 14 14 14 14 14 14 14 14 14 14 
Pij 0.143 0.000 0.714 0.000 0.143 0.000 0.000 0.000 0.000 0.000 
10 
Nij 6 23 73 14 11 1 0 0 0 0 
Ni 128 128 128 128 128 128 128 128 128 128 
Pij 0.047 0.180 0.570 0.109 0.086 0.008 0.000 0.000 0.000 0.000 
10 
Nij 15 30 64 6 3 3 1 0 0 0 
Ni 122 122 122 122 122 122 122 122 122 122 
Pij 0.123 0.246 0.525 0.049 0.025 0.025 0.008 0.000 0.000 0.000 
10 
Nij 0 2 0 0 0 2 0 0 0 0 
Ni 4 4 4 4 4 4 4 4 4 4 
Pij 0 0.5 0 0 0 0.5 0 0 0 0 
10 
Nij 0 32 66 12 3 0 0 0 0 0 
Ni 113 113 113 113 113 113 113 113 113 113 
Pij 0.000 0.283 0.584 0.106 0.027 0.000 0.000 0.000 0.000 0.000 
10 
Nij 0 47 66 3 1 3 0 0 0 0 
Ni 120 120 120 120 120 120 120 120 120 120 
Pij 0.000 0.392 0.550 0.025 0.008 0.025 0.000 0.000 0.000 0.000 
10 
Nij 0 2 2 0 0 0 0 0 0 0 
Ni 4 4 4 4 4 4 4 4 4 4 
Pij 0 0.5 0.5 0 0 0 0 0 0 0 
10 
Nij 0 1 0 0 0 0 0 0 0 0 
Ni 1 1 1 1 1 1 1 1 1 1 
Pij 0 1 0 0 0 0 0 0 0 0 
10 Nij 1 0 7 1 6 0 0 0 0 0 
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Ni 15 15 15 15 15 15 15 15 15 15 
Pij 0.067 0.000 0.467 0.067 0.400 0.000 0.000 0.000 0.000 0.000 
10 
Nij 1 4 0 0 0 0 0 0 0 0 
Ni 5 5 5 5 5 5 5 5 5 5 
Pij 0.2 0.8 0 0 0 0 0 0 0 0 
10 
Nij 0 7 21 4 2 0 0 0 0 0 
Ni 34 34 34 34 34 34 34 34 34 34 
Pij 0.000 0.206 0.618 0.118 0.059 0.000 0.000 0.000 0.000 0.000 
10 
Nij 0 22 23 7 0 2 0 0 0 0 
Ni 54 54 54 54 54 54 54 54 54 54 
Pij 0.000 0.407 0.426 0.130 0.000 0.037 0.000 0.000 0.000 0.000 
10 
Nij 0 0 0 0 0 0 0 0 0 0 
Ni 0 0 0 0 0 0 0 0 0 0 
Pij 0 0 0 0 0 0 0 0 0 0 
Avg Pij 0.035 0.279 0.534 0.079 0.046 0.020 0.004 0.003 0.000 0.000 
 
After calculating the weighted averages of deterioration probabilities for each condition rating, 
the matrix shown in Table 9 was developed. This table shows all transition probabilities in 
between condition states for the avenues of Syracuse, NY. It is important to bear in mind that 
Markov models are memoryless and therefore the probability of the next step depends on the 
current state and probability of jumping from one state to another is constant. 
The accuracy of the matrix in Table 9 is significant because all other computations depend on the 
transition probability matrix. In order to carry out matrix multiplications, empty cells in the 
matrix shown was filled in with zeros. The probability values for an avenue – that has a 100% 
probability of being in condition state 10 at year 0 – to be in different condition rates throughout 
a period of 20 years are given in Table 10. The values are calculated by matrix multiplication of 





Table 9. Transition Probability Matrix for Each Pavement Condition (Avenues) 
  Deterioration from State "i" to "j"  





10 0.035 0.279 0.534 0.079 0.046 0.020 0.004 0.003 0.000 0.000 
9   0.175 0.722 0.092 0.009 0.003 0.000 0.000 0.000 0.000 
8     0.469 0.380 0.128 0.018 0.004 0.001 0.000 0.000 
7       0.540 0.384 0.068 0.007 0.001 0.000 0.000 
6         0.668 0.268 0.052 0.011 0.001 0.000 
5           0.689 0.229 0.075 0.005 0.001 
4             0.675 0.270 0.053 0.002 
3               0.773 0.206 0.021 
2                 0.867 0.133 
1                   1.000 
Table 10 illustrates the overall probabilities of avenues that start the year in the original 
condition with a PCR of 10 and being in different condition ratings over the years. One year after 
paving the avenues, 3.5% of them are expected to remain in the same condition, 27.9% of the 
avenues are expected to be in PCR of 9 etc. The results can also be interpreted in a way that there 
is a 3.5% possibility that the newly paved avenues will remain in the same condition after a year, 
while there is 53.4% possibility that the same avenues will deteriorate to the PCR of 8. Year 6 in 
Table 10 shows that 52.1% of the avenues will have a pavement condition rating of 5 or less. As 
discussed in the literature section, pavements do not fail but deteriorate, and as a rule of thumb, 
PCR of 5 or less are generally regarded as candidates for maintenance, repair and rehabilitation. 
Meanwhile, the expected value of the avenues in Year 6 is 5.24. Even though condition states 
cannot be any number in between two integers, the expected value indicates that the overall 
pavement condition of the avenues will be higher than PCR of 5. The City officials can interpret 





Table 10. Pavement Condition Probabilities for 20 Years (Avenues) 
 Percent by Condition State  
 10 9 8 7 6 5 4 3 2 1 N<= 5 E(x) 
Year 0 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 10.000 
Year 1 0.035 0.279 0.534 0.079 0.046 0.020 0.004 0.003 0.000 0.000 0.026 8.088 
Year 2 0.001 0.058 0.470 0.274 0.134 0.043 0.012 0.006 0.001 0.000 0.062 7.306 
Year 3 0.000 0.011 0.263 0.332 0.255 0.093 0.029 0.013 0.003 0.000 0.138 6.685 
Year 4 0.000 0.002 0.131 0.280 0.332 0.160 0.058 0.029 0.008 0.001 0.255 6.150 
Year 5 0.000 0.000 0.063 0.201 0.346 0.220 0.095 0.054 0.017 0.003 0.389 5.672 
Year 6 0.000 0.000 0.030 0.133 0.317 0.259 0.135 0.088 0.032 0.007 0.521 5.236 
Year 7 0.000 0.000 0.014 0.083 0.266 0.273 0.168 0.128 0.055 0.014 0.637 4.831 
Year 8 0.000 0.000 0.007 0.050 0.211 0.265 0.191 0.168 0.084 0.024 0.732 4.455 
Year 9 0.000 0.000 0.003 0.029 0.161 0.243 0.201 0.203 0.119 0.039 0.806 4.106 
Year 10 0.000 0.000 0.001 0.017 0.119 0.213 0.200 0.232 0.157 0.060 0.862 3.781 
Year 11 0.000 0.000 0.001 0.010 0.086 0.180 0.190 0.250 0.196 0.087 0.903 3.482 
Year 12 0.000 0.000 0.000 0.006 0.062 0.148 0.174 0.260 0.232 0.119 0.933 3.209 
Year 13 0.000 0.000 0.000 0.003 0.043 0.119 0.155 0.259 0.265 0.156 0.953 2.959 
Year 14 0.000 0.000 0.000 0.002 0.030 0.094 0.134 0.252 0.292 0.197 0.968 2.734 
Year 15 0.000 0.000 0.000 0.001 0.021 0.073 0.114 0.238 0.312 0.241 0.978 2.530 
Year 16 0.000 0.000 0.000 0.001 0.014 0.056 0.094 0.221 0.326 0.288 0.985 2.348 
Year 17 0.000 0.000 0.000 0.000 0.010 0.042 0.077 0.200 0.333 0.337 0.990 2.186 
Year 18 0.000 0.000 0.000 0.000 0.007 0.032 0.062 0.179 0.334 0.386 0.993 2.041 
Year 19 0.000 0.000 0.000 0.000 0.004 0.024 0.050 0.158 0.330 0.434 0.995 1.913 
Year 20 0.000 0.000 0.000 0.000 0.003 0.018 0.039 0.137 0.321 0.482 0.997 1.799 
Figure 5 and Figure 6 are graphical representations of the change in each condition rating with an 
initial condition rating of 10 over the years. While the graphs indicate that the avenues with a 
PCR of 10 are deteriorating at a faster rate, the cumulative number of avenues with a PCR of 6 
increases until the 6th year. 
Figure 6 demonstrates probability of avenues’ having a condition rating above 5 throughout a 20-
year time period. This curve can be used to describe the pavement deterioration of avenues in the 
City of Syracuse. The avenues start the year in the original condition and deteriorate at an 
increasing rate after the first couple of years. To be more precise, Figure 6 shows that 97.4% of 
the avenues will provide desired levels of service in Year 1. 61.1% of the avenues will have 





Figure 5. Probability of Each Condition State for the Avenues of Syracuse, NY over 20 Years 
 
 






















Probability Distribution of Each Pavement Condition State
























4.2. Pavement Deterioration Prediction Modeling for Streets 
Pavement condition ratings for the streets of Syracuse have been investigated separately to see 
whether the demand on the streets would produce different results than the avenues in the 
absence of traffic data. Table 11 demonstrates a portion of the streets which were inspected both 
in 2000 and 2001, and gives an idea about what the sample population looks like. Note that there 
are many more streets that are used as inputs however, only some of them are given below.  
Table 11. Streets with Corresponding PCR Values for 2000 and 2001 
block streetName streetType length width class streetID 2000 2001 v1 
100 COSSITT ST 292 26 Local 12571708 8 8 
100 ACADEMY ST 325 25 Local 12571714 9 8 
100 GROVE ST 350 24.5 Local 12571941 8 7 
100 GRIFFIN ST 528 27 Local 12571959 9 8 
100 VALE ST 586 23.5 Local 12571972 7 5 
100 HATCH ST 1425.6 25 Local 12572149 8 8 
100 MYRTLE ST 1500 25 Local 12572694 8 7 
100 OLIVE ST 528 32 Local 12572806 7 6 
100 ERIE ST 2112 27 Local 12572863 8 6 
100 WILLIAMS ST 369.6   Local 12572870 6 5 
100 CADWELL ST 686.4 32 Local 12573086 8 8 
100 CHENEY ST 792 27 Local 12573154 4 4 
100 HURON ST 686.4 27.5 Local 12573227 6 5 
100 HOVEY ST 1478.4 20 Local 12573234 8 6 
100 DAVIS ST 750 30 Local 12573283 5 4 
100 MASSENA ST 330 33 Local 12573286 10 8 
100 SABINE ST 730 27 Local 12573288 10 8 
100 CLOVER ST 528 30 Local 12573313 5 5 
100 DAISY ST 528   Local 12573315 7 6 
100 BLAINE ST 633.6 25 Local 12573332 5 4 
100 OXFORD ST 844.8 25 Local 12573334 6 4 
100 AMY ST 792 27 Local 12573417 8 7 
100 NELSON ST 1320 25 Local 12573444 6 6 
100 MAGNOLIA ST   29 Local 12573445 9 5 
100 GEDDES ST   56 MA 12573468 8 7 
100 SACKETT ST 233 24 Local 12573524 7 7 
100 EUREKA ST     Local 12573543 1 1 
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100 SENECA ST 360 28 Local 12573616 10 8 
100 SHONNARD ST 1934 34 CO 12573640 8 8 
100 FABIUS ST     Local 12573665 8 7 
100 GRANGER ST 352 18 Local 12573667 10 9 
100 ONONDAGA ST 450 58 MA 12573696 10 8 
100 MARCELLUS ST 3326.4 35 Local 12573713 6 6 
100 WALTON ST 520 35 Local 12573743 4 4 
100 VAN RENSSELAER ST 667 27 Local 12573754 10 8 
100 PLUM ST 1100 30 Local 12573776 8 8 
100 FRANKLIN ST 400 45 Local 12573879 5 5 
100 WASHINGTON ST 2323.2 42 CO 12573886 7 7 
100 SALINA ST   56 Local 12573891 6 6 
100 FRANKLIN ST 1584 45 CO 12573894 7 7 
100 CHEMUNG ST 338 36 Local 12574860 6 4 
100 DIVISION ST     Local 12575102 5 5 
100 BUTTERNUT ST 1500 27 MA 12575109 7 7 
100 ISABELLA ST 477   Local 12575169 5 4 
100 EXCHANGE ST 475.2 47 Local 12575236 6 6 
100 BRONSON ST 338 27 Local 12576507 8 7 
100 OTTO ST 405 16.5 Local 12576634 6 6 
100 PIERCE ST 487 22 Local 12576704 8 7 
100 NEWELL ST 189 27 Local 12576848 6 6 
100 VINCENT ST 700 23 Local 12576969 10 7 
100 COLVIN ST 1000 36 MA 12577239 5 4 
100 KENNEDY ST 616 30 Local 12577255 9 8 
100 KENNEDY ST 1267.2 32 Local 12577263 6 6 
100 ELK ST 1214.4 27 Local 12577272 7 5 
100 ELIZABETH ST 792 27 Local 12577277 6 5 
100 NEW ST 792 33 Local 12577381 7 7 
100 LINDEN ST 369.6   Local 12577388 5 5 
100 SIZER ST 148 31 Local 12577427 8 7 
100 STANDART ST 739.2 27 Local 12577429 10 8 
100 ONONDAGA ST 1900.8 40 Local 12577653 7 6 
100 MADISON ST   48 Local 12577680 9 8 
100 JAMES ST 2650 54 PA 12577844 6 6 
100 SALINA ST 2350 60 MA 12577845 6 6 
100 WILLOW ST     Local 12577850 6 5 
100 TOWNSEND ST 568 35 Local 12577895 8 7 
100 CATHERINE ST 1950 30 Local 12578010 8 8 
100 WAYNE ST 1058 27 Local 12578066 7 7 
100 GERTRUDE ST 800 27 Local 12578077 6 6 
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100 HAWTHORNE ST 310 24 Local 12578183 4 4 
100 BASSETT ST 411 27 Local 12578184 5 4 
100 MANILLA ST 485 23 Local 12578249 7 5 
100 PINE ST 315 30 Local 12578256 10 9 
100 BEECH ST 381 30 Local 12578261 5 5 
100 FOUNTAIN ST 557 26 Local 12578275 5 3 
100 LYNCH ST 844.8 30 Local 12578321 7 7 
100 DEVINE ST 377 31 Local 12578322 5 5 
100 CRATON ST 425 28 Local 12578344 5 5 
100 DIDAMA ST 827 28 Local 12578764 6 6 
100 BEATTIE ST 900 22 Local 12578829 7 7 
100 JOHN ST 1210 34 Local 12580062 4 4 
100 JASPER ST 1320 25 Local 12580118 10 8 
100 FIRST NORTH ST   27 Local 12580184 6 5 
100 CULBERT ST 1478.4 33 Local 12580209 7 5 
100 KNAUL ST 950.4 27 Local 12580233 5 5 
100 HARTLEY ST 316.8 28 Local 12580241 5 3 
100 SIDNEY ST 532 29 Local 12580246 3 3 
100 ELSNER ST 396 28 Local 12580258 6 6 
100 WARHAM ST 440 27 Local 12580273 5 5 
100 SAILE ST 280 26 Local 12580275 5 5 
100 WADSWORTH ST 660 31 Local 12580294 7 7 
100 DOROTHY ST 1390 27 Local 12580335 5 4 
100 DEWITT ST 660 30 CO 12580341 10 9 
100 HELEN ST 3379.2 27 Local 12580348 8 7 
100 BOYDEN ST 615 27 Local 12580373 6 5 
100 SCHULER ST 586 29 Local 12580381 7 7 
100 KINNE ST 282 27 Local 12580396 8 8 
100 ELDORADO ST 1109 27 Local 12580428 8 8 
100 HILLSIDE ST 1108.8 27 Local 12580626 6 6 
100 BENDER ST 211 22 Local 12580651 10 9 
100 HARDING ST 660 27 Local 12580674 5 4 
100 ARCH ST 546 18 Local 12581146 7 7 
100 HASBROUCK ST 844.8 21.5 Local 12581195 6 6 
100 BOSTON ST 290 25.5 Local 12581282 8 6 
100 EVANS ST 264   Local 13001149 8 7 
100 LODI ST 700 55 MA 13001803 5 5 
100 WEST ST 2900 60 Local 13002308 8 8 
100 STATE ST 3484.8 60 Local 13008632 7 7 
100 CONAN ST 483 23 Local 13009802 8 6 
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The numbers in Tables 12 and 13 were obtained by counting the number of streets for each 
pavement condition rating. The columns labeled as PCR-1, PCR-2 etc. demonstrate the number 
of streets that deteriorated to respective condition ratings. To illustrate, while PCR-2 refers to a 
pavement condition rating of 6 for a street that had an initial rating of 8, it refers to 4 for a street 
that had an initial rating of 6. Since a large dataset provides more accurate results, pavement 
condition ratings for all years between 2000 and 2015 were combined as shown in Table 14. 


































































10 88 0 25 52 9 2 0 0 0 0 0 
9 22 0 10 11 0 1 0 0 0 0   
8 147 67 67 13 0 0 0 0 0     
7 171 101 56 13 1 0 0 0       
6 178 107 59 12 0 0 0         
5 129 90 32 6 1 0           
4 20 19 1 0 0             
3 3 3 0 0               
2 5 5 0                 
1 2 2                   
 
As the focus of this research is to propose a pavement deterioration prediction model with no 
external treatment, the number of streets shown in Tables 12-14 excludes the streets that were 
maintained, repaired or rehabilitated. Inspection dates were also investigated with due diligence, 
as the City of Syracuse kept the same ratings from previous years when there were no 
inspections. To have a better idea about the sample population, the pavement condition ratings 







Table 13. Transition Probabilities for Each PCR for Year 2000 (Streets) 
  Same PCR - 1 PCR - 2 PCR - 3 PCR - 4 PCR - 5 PCR - 6 PCR - 7 PCR - 8 PCR - 9 
10 
Nij 0 25 52 9 2 0 0 0 0 0 
Ni 88 88 88 88 88 88 88 88 88 88 
Pij 0.000 0.284 0.591 0.102 0.023 0.000 0.000 0.000 0.000 0.000 
9 
Nij 0 10 11 0 1 0 0 0 0  
Ni 22 22 22 22 22 22 22 22 22  
Pij 0.000 0.455 0.500 0.000 0.045 0.000 0.000 0.000 0.000  
8 
Nij 67 67 13 0 0 0 0 0   
Ni 147 147 147 147 147 147 147 147   
Pij 0.456 0.456 0.088 0.000 0.000 0.000 0.000 0.000   
7 
Nij 101 56 13 1 0 0 0    
Ni 171 171 171 171 171 171 171    
Pij 0.591 0.327 0.076 0.006 0.000 0.000 0.000    
6 
Nij 107 59 12 0 0 0     
Ni 178 178 178 178 178 178     
Pij 0.601 0.331 0.067 0.000 0.000 0.000     
5 
Nij 90 32 6 1 0      
Ni 129 129 129 129 129      
Pij 0.698 0.248 0.047 0.008 0.000      
4 
Nij 19 1 0 0       
Ni 20 20 20 20       
Pij 0.950 0.050 0 0       
3 
Nij 3 0 0        
Ni 3 3 3        
Pij 1.000 0 0        
2 
Nij 5 0         
Ni 5 5         
Pij 1.000 0         
1 
Nij 2          
Ni 2          
Pij 1.000          
 
After calculating transition probabilities for each consecutive year couples, they were brought 
together in Table 14 for calculation of the weighted averages. PCR of 7 was randomly chosen to 
demonstrate the calculations. Note that largest number of data points exist between PCR of 4 and 




Table 14. Weighted Average Calculation for PCR of 7 Between 2000 and 2015 (Streets) 
  Same PCR - 1 PCR - 2 PCR - 3 PCR - 4 PCR - 5 PCR - 6 
7 
Nij 101 56 13 1 0 0 0 
Ni 171 171 171 171 171 171 171 
Pij 0.591 0.327 0.076 0.006 0.000 0.000 0.000 
7 
Nij 195 135 5 2 0 0 0 
Ni 337 337 337 337 337 337 337 
Pij 0.579 0.401 0.015 0.006 0.000 0.000 0.000 
7 
Nij 94 65 7 2 0 2 0 
Ni 170 170 170 170 170 170 170 
Pij 0.553 0.382 0.041 0.012 0.000 0.012 0.000 
7 
Nij 117 84 12 0 0 0 0 
Ni 213 213 213 213 213 213 213 
Pij 0.549 0.394 0.056 0.000 0.000 0.000 0.000 
7 
Nij 159 152 32 3 2 0 0 
Ni 348 348 348 348 348 348 348 
Pij 0.457 0.437 0.092 0.009 0.006 0.000 0.000 
7 
Nij 6 1 0 0 0 0 0 
Ni 7 7 7 7 7 7 7 
Pij 0.857 0.143 0.000 0.000 0.000 0.000 0.000 
7 
Nij 108 69 1 0 0 0 0 
Ni 178 178 178 178 178 178 178 
Pij 0.607 0.388 0.006 0.000 0.000 0.000 0.000 
7 
Nij 94 123 30 3 0 0 0 
Ni 250 250 250 250 250 250 250 
Pij 0.376 0.492 0.120 0.012 0.000 0.000 0.000 
7 
Nij 117 76 5 0 0 0 0 
Ni 198 198 198 198 198 198 198 
Pij 0.591 0.384 0.025 0.000 0.000 0.000 0.000 
7 
Nij 102 87 3 0 0 0 0 
Ni 192 192 192 192 192 192 192 
Pij 0.531 0.453 0.016 0.000 0.000 0.000 0.000 
7 
Nij 98 52 30 9 3 0 0 
Ni 192 192 192 192 192 192 192 
Pij 0.510 0.271 0.156 0.047 0.016 0.000 0.000 
7 
Nij 94 76 20 2 0 0 0 
Ni 192 192 192 192 192 192 192 
Pij 0.490 0.396 0.104 0.010 0.000 0.000 0.000 
7 
Nij 106 54 2 1 1 0 0 
Ni 164 164 164 164 164 164 164 




Nij 172 148 20 9 3 3 0 
Ni 355 355 355 355 355 355 355 
Pij 0.485 0.417 0.056 0.025 0.008 0.008 0.000 
7 
Nij 8 9 2 0 0 0 0 
Ni 19 19 19 19 19 19 19 
Pij 0.421 0.474 0.105 0.000 0.000 0.000 0.000 
Avg Pij 0.526 0.398 0.061 0.011 0.003 0.002 0.000 
 
After calculating transition probabilities using Equation (13), the transition probability matrix 
was developed as shown in Table 15. Probabilities for condition ratings (Table 16) are calculated 
using the same methodology that was followed in calculating probabilities for condition ratings 
for avenues. 
Table 15. Transition Probability Matrix for Each Pavement Condition (Streets) 
  Deterioration from State "i" to "j"  





10 0.009 0.301 0.560 0.095 0.027 0.006 0.003 0.000 0.000 0.000 
9   0.0243 0.587 0.135 0.026 0.009 0.000 0.000 0.000 0.000 
8     0.492 0.381 0.110 0.016 0.000 0.000 0.000 0.000 
7       0.526 0.398 0.061 0.011 0.003 0.002 0.000 
6         0.684 0.260 0.046 0.010 0.000 0.000 
5           0.721 0.213 0.056 0.010 0.000 
4             0.759 0.183 0.052 0.005 
3               0.785 0.193 0.022 
2                 0.814 0.186 









Table 16. Pavement Condition Probabilities for 20 Years (Streets) 
 Percent by Condition State   
 10 9 8 7 6 5 4 3 2 1 N<= 5 E(x) 
Year 0 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 10.000 
Year 1 0.009 0.301 0.560 0.095 0.027 0.006 0.003 0.000 0.000 0.000 0.009 8.142 
Year 2 0.000 0.076 0.457 0.305 0.126 0.029 0.006 0.001 0.000 0.000 0.037 7.400 
Year 3 0.000 0.018 0.269 0.345 0.259 0.081 0.020 0.006 0.002 0.000 0.108 6.793 
Year 4 0.000 0.004 0.143 0.286 0.345 0.151 0.048 0.016 0.005 0.001 0.221 6.267 
Year 5 0.000 0.001 0.073 0.206 0.366 0.219 0.087 0.034 0.012 0.002 0.354 5.801 
Year 6 0.000 0.000 0.037 0.136 0.340 0.267 0.132 0.059 0.023 0.006 0.487 5.381 
Year 7 0.000 0.000 0.018 0.086 0.291 0.290 0.174 0.089 0.040 0.012 0.605 4.996 
Year 8 0.000 0.000 0.009 0.052 0.235 0.290 0.208 0.121 0.062 0.022 0.704 4.640 
Year 9 0.000 0.000 0.004 0.031 0.183 0.274 0.231 0.152 0.088 0.038 0.782 4.308 
Year 10 0.000 0.000 0.002 0.018 0.138 0.247 0.242 0.179 0.116 0.059 0.842 3.998 
Year 11 0.000 0.000 0.001 0.010 0.102 0.215 0.243 0.200 0.144 0.086 0.887 3.709 
Year 12 0.000 0.000 0.001 0.006 0.074 0.182 0.235 0.215 0.171 0.118 0.920 3.439 
Year 13 0.000 0.000 0.000 0.003 0.053 0.151 0.220 0.222 0.194 0.156 0.944 3.189 
Year 14 0.000 0.000 0.000 0.002 0.037 0.123 0.202 0.224 0.214 0.198 0.961 2.957 
Year 15 0.000 0.000 0.000 0.001 0.026 0.098 0.181 0.220 0.229 0.244 0.973 2.744 
Year 16 0.000 0.000 0.000 0.001 0.018 0.078 0.160 0.212 0.239 0.292 0.981 2.549 
Year 17 0.000 0.000 0.000 0.000 0.013 0.061 0.138 0.200 0.245 0.342 0.987 2.370 
Year 18 0.000 0.000 0.000 0.000 0.009 0.047 0.119 0.186 0.246 0.393 0.991 2.208 
Year 19 0.000 0.000 0.000 0.000 0.006 0.036 0.101 0.171 0.243 0.444 0.994 2.062 
Year 20 0.000 0.000 0.000 0.000 0.004 0.028 0.084 0.154 0.236 0.493 0.996 1.931 
 
Table 16 demonstrates the pavement deterioration probabilities over 20 years for the streets of 
Syracuse. The model indicates that 48.7% of the streets are expected to have a condition rating of 
equal to or less than 5 in Year 6. Figure 7 indicates the individual changes in each PCR over 10 
years. On the other hand, the expected value for the streets is 5.38 for the same year. This can be 
clearly seen in Figure 8 where the y-axis indicates the percentages of streets that have a 




Figure 7. Probability of Each Condition State for the Streets of Syracuse, NY over 20 Years 
To illustrate, 51.3% of the streets are expected to provide desired levels of service (condition 
rating of six or above) in Year 6. After one year, the percentage of the streets that are in good 
condition drops to 39.5%. Figure 8 represents the deterioration of the streets when there is no 
external treatment. 
 





















Probability Distribution of Each Pavement Condition State
























4.3. Pavement Deterioration Prediction Modeling for Roads 
In order to develop a prediction model for the roads of Syracuse, the same steps were followed 
for avenues and streets were followed. Table 17 demonstrates a portion of the sample population. 
These roads were also verified to be uniquely identified by using ArcGIS. After deleting the 
roads that did not have a pavement condition rating for the consecutive years, the inspection 
dates were also checked.  
Table 17. Roads with Corresponding PCR Values for 2000 and 2001 
block streetName streetType length width class streetID 2000 2001 v1 
100 HILTON RD   27 Local 12564378 7 7 
100 SEARLWYN RD 1046 22 Local 12564412 8 7 
100 MCDONALD RD 633.6   CO 12571827 6 6 
100 CALVIN RD 633.6 26 Local 12571867 7 5 
100 CARLTON RD 639 27 Local 12571873 6 3 
100 SALISBURY RD 837 29 CO 12572689 8 7 
100 KANE RD 264 24 Local 12574852 5 3 
100 BRAMPTON RD 1056 24.5 Local 12576521 7 6 
100 WARRINGTON RD 890 22 Local 12576528 7 6 
100 CHELTENHAM RD 760 25 Local 12576530 6 6 
100 RONEY RD 492 25 Local 12576610 8 7 
100 GAME RD 672 27 Local 12576915 6 5 
100 BROOKFORD RD 616 34.5 Local 12578742 8 7 
100 BLOSSOM RD 429 26 Local 12578748 9 8 
100 CLAIRE RD 950 30 Local 12578927 9 9 
100 FOXBORO RD 535 30 Local 12578990 8 7 
100 RADCLIFFE RD 156 24 Local 12579584 8 8 
100 BARRINGTON RD 411 30 Local 12579593 8 8 
100 CHATHAM RD 897.6 27 Local 12580500 5 5 
100 RUGBY RD     Local 12580513 5 5 
100 SUNNYCREST RD 825 24 Local 12580918 8 7 
100 GLENCOVE RD   29 Local 12580938 6 6 
100 EDTIM RD 792 32.5 Local 12581026 3 3 
100 BEACON RD 264 28 Local 12581052 6 5 
100 AVON RD 686.4 27 Local 12581144 6 5 
100 HAMPSHIRE RD 804 21 Local 13010282 10 9 
100 DORSET RD 898 24 Local 13011304 10 8 
100 WALRATH RD 605 20 Local 13012951 3 3 
70 
 
After the roads to be used in the analysis were determined, Table 18 was created to see the 
transitions from one state to another. Note that dataset for roads is smaller than the ones for 
avenues and streets. Part of the reason why avenues, streets and roads were selected was also 
because these street types had the largest number of data.  














































































10 7 0 3 4 0 0 0 0 0 0 0 7 
9 2 1 1 0 0 0 0 0 0 0   2 
8 35 18 13 4 0 0 0 0 0     35 
7 28 15 11 2 0 0 0 0       28 
6 37 26 10 0 1 0 0         37 
5 10 9 0 1 0 0           10 
4 0 0 0 0 0             0 
3 6 6 0 0               6 
2 0 0 0                 0 
1 0 0                   0 
 
 
To illustrate, 37 roads started year 2000 with a pavement condition rating of 6, and 26 of them 
remained in the same condition rating in year 2001. 10 out of 37 roads deteriorated to the PCR of 

















Table 19. Transition Probabilities for Each PCR for Year 2000 (Roads) 
10 
Nij 0 3 4 0 0 0 0 0 0 0 
Ni 7 7 7 7 7 7 7 7 7 7 
Pij 0.000 0.429 0.571 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
9 
Nij 1 1 0 0 0 0 0 0 0  
Ni 2 2 2 2 2 2 2 2 2  
Pij 0.500 0.500 0.000 0.000 0.000 0.000 0.000 0.000 0.000  
8 
Nij 18 13 4 0 0 0 0 0   
Ni 35 35 35 35 35 35 35 35   
Pij 0.514 0.371 0.114 0.000 0.000 0.000 0.000 0.000   
7 
Nij 15 11 2 0 0 0 0    
Ni 28 28 28 28 28 28 28    
Pij 0.536 0.393 0.071 0.000 0.000 0.000 0.000    
6 
Nij 26 10 0 1 0 0     
Ni 37 37 37 37 37 37     
Pij 0.703 0.270 0.000 0.027 0.000 0.000     
5 
Nij 9 0 1 0 0      
Ni 10 10 10 10 10      
Pij 0.900 0.000 0.100 0.000 0.000      
4 
Nij 0 0 0 0       
Ni 0 0 0 0       
Pij 0 0 0 0       
3 
Nij 6 0 0        
Ni 6 6 6        
Pij 1.000 0 0        
2 
Nij 0 0         
Ni 0 0         
Pij 0 0         
1 
Nij 0          
Ni 0          
Pij 0          
 
Table 19 and Table 20 represent the number of roads transitioning from one state to another. 
PCR of 10 was chosen for demonstration purposes (see Table 20). Table 21 demonstrates the 
transition probability matrix for the roads. Probabilities for condition ratings (Table 22) are 
calculated using the same methodology that was followed in calculating probabilities for 






Table 20. Weighted Average Calculation for PCR of 10 Between 2000 and 2015 (Roads) 
  Same PCR - 1 PCR - 2 PCR - 3 PCR - 4 PCR - 5 PCR - 6 PCR - 7 PCR - 8 PCR - 9 PCR - 10 
10 
Nij 0 3 4 0 0 0 0 0 0 0 0 
Ni 7 7 7 7 7 7 7 7 7 7 7 
Pij 0.000 0.429 0.571 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
10 
Nij 0 17 9 0 0 0 0 0 0 0 0 
Ni 26 26 26 26 26 26 26 26 26 26 26 
Pij 0.000 0.654 0.346 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
10 
Nij 0 2 7 0 0 0 0 0 0 0 0 
Ni 9 9 9 9 9 9 9 9 9 9 9 
Pij 0.000 0.222 0.778 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
10 
Nij 0 12 14 4 0 3 0 0 0 0 0 
Ni 33 33 33 33 33 33 33 33 33 33 33 
Pij 0.000 0.364 0.424 0.121 0.000 0.091 0.000 0.000 0.000 0.000 0.000 
10 
Nij 2 2 16 8 3 0 0 0 0 0 0 
Ni 31 31 31 31 31 31 31 31 31 31 31 
Pij 0.065 0.065 0.516 0.258 0.097 0.000 0.000 0.000 0.000 0.000 0.000 
10 
Nij 0 11 11 2 0 0 0 0 0 0 0 
Ni 24 24 24 24 24 24 24 24 24 24 24 
Pij 0.000 0.458 0.458 0.083 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
10 
Nij 0 5 2 0 0 0 0 3 0 0 0 
Ni 10 10 10 10 10 10 10 10 10 10 10 
Pij 0.000 0.500 0.200 0.000 0.000 0.000 0.000 0.300 0.000 0.000 0.000 
10 
Nij 0 2 0 0 0 0 0 0 0 0 0 
Ni 2 2 2 2 2 2 2 2 2 2 2 
Pij 0.000 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
10 
Nij 0 0 0 0 0 0 0 2 0 0 0 
Ni 2 2 2 2 2 2 2 2 2 2 2 
Pij 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 0.000 0.000 
10 
Nij 0 0 7 0 0 0 0 0 0 0 0 
Ni 7 7 7 7 7 7 7 7 7 7 7 
Pij 0.000 0.000 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
10 
Nij 0 4 9 2 0 0 0 0 0 0 0 
Ni 15 15 15 15 15 15 15 15 15 15 15 
Pij 0.000 0.267 0.600 0.133 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
10 
Nij 0 2 1 0 0 0 0 0 0 0 0 
Ni 3 3 3 3 3 3 3 3 3 3 3 
Pij 0.000 0.667 0.333 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 







Table 21. Transition Probability Matrix for Each Pavement Condition (Roads) 
  Deterioration from State "i" to "j"  





10 0.012 0.355 0.473 0.095 0.018 0.018 0.000 0.030 0.000 0.000 
9   0.127 0.647 0.186 0.039 0.000 0.000 0.000 0.000 0.000 
8     0.468 0.405 0.107 0.014 0.006 0.000 0.000 0.000 
7       0.504 0.371 0.097 0.023 0.003 0.002 0.000 
6         0.578 0.303 0.094 0.026 0.000 0.000 
5           0.673 0.196 0.079 0.051 0.000 
4             0.722 0.228 0.051 0.000 
3               0.588 0.294 0.118 
2                 1.000 0.000 
1                   1.000 
 
Transition probabilities for newly paved roads of Syracuse are demonstrated in Table 21. In this 
research, pavement deterioration models were developed for roads that are in original condition 
and this is why each avenue, street and road start the year with a PCR of 10. 
As shown in Table 22, 61.7% of the roads in Syracuse are expected to have a pavement 
condition rating of 5 or less in year 6. The same year, the expected PCR of the roads are 
calculated to be 4.87.  
Figure 9 illustrates the change in each PCR for the roads for 20 years. While no roads are 
expected to have a PCR of 10 and 9 in the 10th year, majority of the roads are expected to have 
condition ratings of 5, 4 and 3 with 16.7%, 20.1% and 15.5%, respectively. Note that these 









Table 22. Pavement Condition Probabilities for 20 Years (Roads) 
 Percent by Condition State   
 10 9 8 7 6 5 4 3 2 1 N<= 5 E(x) 
Year 0 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 10.000 
Year 1 0.012 0.355 0.473 0.095 0.018 0.018 0.000 0.030 0.000 0.000 0.047 8.047 
Year 2 0.000 0.049 0.457 0.307 0.110 0.033 0.010 0.020 0.010 0.003 0.077 7.200 
Year 3 0.000 0.006 0.246 0.349 0.228 0.092 0.034 0.021 0.018 0.006 0.170 6.536 
Year 4 0.000 0.001 0.119 0.277 0.288 0.168 0.073 0.034 0.031 0.008 0.315 5.934 
Year 5 0.000 0.000 0.056 0.188 0.282 0.229 0.120 0.058 0.054 0.012 0.474 5.379 
Year 6 0.000 0.000 0.026 0.118 0.239 0.258 0.162 0.088 0.090 0.019 0.617 4.870 
Year 7 0.000 0.000 0.012 0.070 0.184 0.258 0.193 0.116 0.137 0.029 0.733 4.408 
Year 8 0.000 0.000 0.006 0.040 0.134 0.236 0.209 0.137 0.194 0.043 0.820 3.993 
Year 9 0.000 0.000 0.003 0.023 0.093 0.204 0.211 0.151 0.258 0.059 0.882 3.625 
Year 10 0.000 0.000 0.001 0.013 0.062 0.167 0.201 0.155 0.323 0.077 0.924 3.303 
Year 11 0.000 0.000 0.001 0.007 0.041 0.133 0.184 0.152 0.388 0.095 0.952 3.024 
Year 12 0.000 0.000 0.000 0.004 0.026 0.102 0.163 0.143 0.448 0.113 0.970 2.788 
Year 13 0.000 0.000 0.000 0.002 0.017 0.077 0.140 0.130 0.504 0.130 0.981 2.589 
Year 14 0.000 0.000 0.000 0.001 0.010 0.057 0.118 0.115 0.553 0.145 0.989 2.424 
Year 15 0.000 0.000 0.000 0.001 0.006 0.042 0.097 0.099 0.596 0.159 0.993 2.288 
Year 16 0.000 0.000 0.000 0.000 0.004 0.030 0.079 0.084 0.632 0.170 0.996 2.179 
Year 17 0.000 0.000 0.000 0.000 0.002 0.021 0.063 0.070 0.663 0.180 0.997 2.090 
Year 18 0.000 0.000 0.000 0.000 0.001 0.015 0.050 0.057 0.687 0.189 0.999 2.020 
Year 19 0.000 0.000 0.000 0.000 0.001 0.011 0.039 0.046 0.708 0.195 0.999 1.965 
Year 20 0.000 0.000 0.000 0.000 0.001 0.007 0.030 0.037 0.724 0.201 0.999 1.922 
 
 





















Probability Distribution of Each Pavement Condition State




Figure 10. Probabilities of Roads with a PCR>5 
The rate of deterioration can be better seen in Figure 10. According to the study, only 38.3% of 
the roads are expected to have a pavement condition rating of 6 or a higher rate in Year 6. 
4.4. Deterioration Prediction Modeling for Type 3 Pavements 
Apart from the avenues, streets and roads, different pavement types were also investigated in this 
thesis. Pavements are divided into 3 categories in the spread sheets provided by the City of 
Syracuse based on the asphalt thickness and the sub-base.  
Sections which have no curbs, no improved sub-base and 3 inches or less of asphalt were called 
as pavement type 3, and it was also stated in the data dictionary that these streets were almost 
always residential streets. Table 23 demonstrates a portion of the records, which have pavement 

























Table 23. Type 3 Pavements with Corresponding PCR Values 
streetID block streetName streetType overall crack patch length width flushOil class 
12564359 100 BROOKSIDE DR 8 4 5 158    Local 
12564362 100 IDA AVE 8 4 4 147 23 O Local 
12564368 100 SPAULDING AVE 8 4 4 899 28.5 O Local 
12564371 200 CRAFTON AVE 8 4 5 255 26 O Local 
12564373 100 CRAFTON AVE 8 4 5 285 26 O Local 
12564378 100 HILTON RD 7 3 5  27 O Local 
12564382 200 HILTON RD 7 3 5 675 27 O Local 
12564389 100 GARY AVE 7 4 3 389 27 O Local 
12564395 100 PARRISH LN 8 4 4 345 28 O Local 
12564398 200 PARRISH LN 8 4 4 656 28 O Local 
12564403 200 HAYES TER 8 4 5 150 24 O Local 
12564404 100 HAYES TER 8 4 5 420 24 O Local 
12564405 300 PARRISH LN 7 3 5 567 28 O Local 
12564407 400 PARRISH LN 7 3 5 309 28 O Local 
12564408 100 MAPLEWOOD AVE 8 4 4 1953.6 29.5 O Local 
12564409 100 RICHFIELD AVE 8 4 4 1137 27.5 O Local 
12564410 900 COLDBROOK DR 8 4 5 296 20 O Local 
12564412 100 SEARLWYN RD 8 4 4 1046 22 O Local 
12564415 200 MAPLEWOOD AVE 7 4 4  29.5 O Local 
12564416 300 RICHFIELD AVE 8 5 4 451 27.5 O Local 
12564417 100 EDGEWOOD DR 7 4 3 422.4 16.5 O Local 
12564419 200 SEARLWYN RD 7 4 4 349 22 O Local 
12571705 300 MERRITT AVE 8 4 4 543 28.5 O Local 
12571706 100 CRESTVIEW DR 8 4 4 923 28 O Local 
12571707 100 MARIS DR 7 4 4 521 26 O Local 
12571708 100 COSSITT ST 8 4 5 292 26 O Local 
12571710 100 CHAFFEE AVE 8 4 4 1064 27 O Local 
12571714 100 ACADEMY ST 9 5 5 325 25 O Local 
12571721 100 CRESTVIEW DR 8 4 4 923 28 O Local 
12571722 100 KRAMER DR 8 4 4 381 25 O Local 
12571723 100 MARIS DR 7 4 4 521 26 O Local 
12571724 200 CRESTVIEW DR 8 4 4 323 28 O Local 
12571728 100 SENECA PL 8 4 4 200 12.5 O Local 
12571737 200 RIVERDALE DR 7 4 3 1038 27 O Local 
12571738 200 KRAMER DR 8 4 4 411 25 O Local 
12571739 300 KRAMER DR 7 3 4 314 25 O Local 
12571740 100 RIVERDALE DR 6 4 3 388 27 O Local 
12571755 400 MAINS AVE 9 5 5 273 28 O Local 
12571758 300 MAINS AVE 9 5 5 291 28 O Local 
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12571760 300 MAINS AVE 9 5 5 291 28 O Local 
12571761 200 MAINS AVE 9 5 5 273 28 O Local 
12571762 200 CAMP AVE 9 5 5 440 28 O Local 
12571763 500 BARNES AVE 9 5 5 543 27 O Local 
12571764 200 CAMP AVE 9 5 5 440 28 O Local 
12571767 100 MAINS AVE 9 5 5 400 28 O Local 
12571768 200 MAINS AVE 9 5 5 273 28 O Local 
12571770 100 MAINS AVE 9 5 5 400 28 O Local 
12571771 100 CAMP AVE 9 5 5 575 28 O Local 
12571788 500 PACIFIC AVE 9 5 5 250 21 O Local 
After combining the data of consecutive years, the number of records in each PCR was found, 
and then transitions to other states were analyzed. Table 24 shows transitions from year 2000 to 
year 2001.  
Table 24. Changes in PCR values for Type 3 Pavements from 2000 to 2001 











10 35 0 5 15 10 2 1 0 0 0 
9 35 1 32 2 0 0 0 0 0   
8 142 58 62 18 4 0 0 0     
7 123 87 26 10 0 0 0       
6 66 43 20 0 1 2         
5 22 15 5 2 0           
4 5 4 1 0 0           
3 6 6 0 0             
2 0 0 0               
1 2 2                 
 
After calculating the transitions for consecutive years, the data for 15 years were combined in 
Table 25. Since all street types (i.e. avenues, streets, roads, drives, circles) were included in this 
model, the number of data was larger than the individual street types. Table 25 also demonstrates 





Table 25. Combined Values for Type 3 Pavements from 2000 to 2015 






10 518 2 169 246 59 22 8 9 3 0 0 
9 400 76 261 45 16 2 0 0 0 0 0 
8 2125 979 820 251 63 10 2 0 0 0 0 
7 2917 1526 1081 253 52 4 1 0 0 0 0 
6 2462 1650 632 151 26 1 2 0 0 0 0 
5 855 593 186 61 14 1 0 0 0 0 0 
4 288 209 67 12 0 0 0 0 0 0 0 
3 88 67 19 2 0 0 0 0 0 0 0 
2 12 11 1 0 0 0 0 0 0 0 0 
1 3 3 0 0 0 0 0 0 0 0 0 
 
Table 26 demonstrates the transition probability matrix for type 3 pavements. Probabilities for 
condition ratings (Table 27) are calculated using the same methodology that was followed in 
calculating probabilities for condition ratings for avenues, streets, and roads. 
Table 26. Transition Probabilities for Type 3 Pavements 
 10 9 8 7 6 5 4 3 2 1 
10 0.004 0.326 0.475 0.114 0.042 0.015 0.017 0.006 0.000 0.000 
9   0.190 0.653 0.113 0.040 0.005 0.000 0.000 0.000 0.000 
8     0.461 0.386 0.118 0.030 0.005 0.001 0.000 0.000 
7       0.523 0.371 0.087 0.018 0.001 0.000 0.000 
6         0.670 0.257 0.061 0.011 0.000 0.001 
5           0.694 0.218 0.071 0.016 0.001 
4             0.726 0.233 0.042 0.000 
3               0.761 0.216 0.023 
2                 0.917 0.083 
1                   1.000 
 
Condition rating probabilities for type 3 pavements are shown in Table 27. It should be noted that 
56.5% of the streets are expected to have a pavement condition rating of 5 or less by year 6. The 
City of Syracuse may plan to repair streets with no curbs, no improved sub-base and 3 inches or 
less of asphalt in the 6th year after they are newly paved. On the other hand, pavement deterioration 
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in the first 5 years is relatively slower. Figure 11 shows the change in each condition rating of Type 
3 pavements throughout 20 years and Figure 12 demonstrates probabilities of Type 3 pavements 
with a pavement condition rating greater than 5.  
Table 27. Pavement Condition Probabilities for 20 Years (Type 3 Pavements) 
 10 9 8 7 6 5 4 3 2 1 N<= 5 
Year 0 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
Year 1 0.004 0.326 0.475 0.114 0.042 0.015 0.017 0.006 0.000 0.000 0.039 
Year 2 0.000 0.063 0.434 0.280 0.140 0.047 0.023 0.011 0.002 0.000 0.083 
Year 3 0.000 0.012 0.241 0.321 0.251 0.106 0.043 0.019 0.006 0.001 0.175 
Year 4 0.000 0.002 0.119 0.262 0.316 0.173 0.076 0.035 0.014 0.002 0.300 
Year 5 0.000 0.000 0.056 0.183 0.323 0.228 0.118 0.061 0.026 0.004 0.437 
Year 6 0.000 0.000 0.026 0.118 0.291 0.258 0.158 0.094 0.046 0.009 0.565 
Year 7 0.000 0.000 0.012 0.072 0.242 0.265 0.191 0.130 0.073 0.015 0.674 
Year 8 0.000 0.000 0.006 0.042 0.190 0.252 0.213 0.165 0.108 0.025 0.762 
Year 9 0.000 0.000 0.003 0.024 0.144 0.228 0.222 0.195 0.147 0.038 0.830 
Year 10 0.000 0.000 0.001 0.014 0.106 0.197 0.220 0.218 0.190 0.055 0.880 
Year 11 0.000 0.000 0.001 0.008 0.076 0.165 0.209 0.232 0.234 0.076 0.916 
Year 12 0.000 0.000 0.000 0.004 0.054 0.135 0.192 0.238 0.276 0.101 0.942 
Year 13 0.000 0.000 0.000 0.002 0.038 0.108 0.172 0.236 0.315 0.130 0.960 
Year 14 0.000 0.000 0.000 0.001 0.026 0.084 0.151 0.228 0.348 0.161 0.973 
Year 15 0.000 0.000 0.000 0.001 0.018 0.065 0.129 0.215 0.376 0.196 0.981 
Year 16 0.000 0.000 0.000 0.000 0.012 0.050 0.109 0.199 0.398 0.232 0.987 
Year 17 0.000 0.000 0.000 0.000 0.008 0.038 0.091 0.180 0.413 0.270 0.991 
Year 18 0.000 0.000 0.000 0.000 0.006 0.028 0.075 0.161 0.422 0.308 0.994 
Year 19 0.000 0.000 0.000 0.000 0.004 0.021 0.061 0.142 0.425 0.347 0.996 





Figure 11. Probability of Each Condition State for Type 3 Pavements of Syracuse, NY 
 























Probability Distribution of Each Pavement Condition State
























4.5. Deterioration Prediction Modeling for Type 4 Pavements 
Pavement deterioration models for type 4 pavements were developed the same way as the other 
pavement types. Type 4 pavements have full-depth asphalt (at least 7 inches) but without a 
concrete base or curbs. Among all pavement and street types, type 4 pavements had the least 
number of data. Therefore, the results must be interpreted with due diligence. 
Sample population of type 4 pavements are demonstrated in Table 28. The number of records 
(frequency) in Table 29 shows that the model developed for type 4 pavement can suffer from a 
lack of data. However, the results of this model will be compared with other pavement types in 
order to make a judgement on the results. 
Table 28. Type 4 Pavements with Corresponding PCR Values 
streetID block streetName streetType overall crack patch length width flushOil class pavement 
12563572 300 DORWIN AVE 8 4 4     Local 4 
12564360 200 DORWIN AVE 8 4 4 1300 27   Local 4 
12564365 100 DORWIN AVE 8 4 4 1550 27   Local 4 
12572433 600 AVERY AVE 7 3 4 528 30   CO 4 
12572434 600 AVERY AVE 7 3 4 528 30   CO 4 
12572435 400 AVERY AVE 8 4 4 1877 36   CO 4 
12572884 1600 ERIE BLVD 5 3 3 400 48   PA 4 
12573444 100 NELSON ST 6 3 3 1320 25   Local 4 
12573746 200 FAYETTE ST 6 4 3 500 37   MA 4 
12574866 2000 ERIE BLVD 5 3 2 250 40   PA 4 
12574867 2000 ERIE BLVD 5 3 2 250 40   PA 4 
12575073 900 CLINTON ST 5 2 4 600 30   Local 4 
12576774 100 CALTHROP AVE 6 4 3 211.2 30   Local 4 
12576788 400 BRIGHTON AVE 7 4 3 1995 35   PA 4 
12576862 200 BRIGHTON AVE 6 3 3 587 35   PA 4 
12576864 300 BRIGHTON AVE 7 3 4 675 35   PA 4 
12576881 100 AMHERST AVE 5 2 3 557 25   Local 4 
12576886 200 AMHERST AVE 5 2 3 350 25   Local 4 
12576905 700 BRIGHTON AVE 5 2 4 1349 35   MA 4 
12576908 700 BRIGHTON AVE 5 2 4 1349 35   MA 4 
12576909 600 BRIGHTON AVE 7 4 4 637 35   PA 4 
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12576910 500 BRIGHTON AVE 7 4 3 645 35   PA 4 
12577333 100 ALEXANDER AVE 4 2 3 686.4 27   Local 4 
12580548 100 GRANT TER 8 4 4 528 50   Local 4 
13002015 800 BRIGHTON AVE 6 3 3 1584 35   MA 4 
13002017 800 BRIGHTON AVE 6 3 3 1584 35   MA 4 
13002018 800 BRIGHTON AVE 6 3 3 1584 35   MA 4 
13002032 800 BRIGHTON AVE 6 3 3 1584 35   MA 4 
13002070 500 BRIGHTON AVE 7 4 3 645 35   PA 4 
13002094 500 BRIGHTON AVE 7 4 3 645 35   PA 4 
13002105 100 AMIDON DR 7 4 4 250 27   Local 4 
13002107 300 DORWIN AVE 8 4 4     Local 4 
13002381 700 ERIE BLVD 6 3 3 1300 36   PA 4 
13008640 300 JAMES ST 6 3 4 6450 40   PA 4 
13008649 300 JAMES ST 6 3 4 6450 40   PA 4 
13009803 300 DORWIN AVE 8 4 4     Local 4 
13016734 700 BRIGHTON AVE 5 2 4 1349 35   MA 4 
13016736 700 BRIGHTON AVE 5 2 4 1349 35   MA 4 
13019515 300 DORWIN AVE 8 4 4     Local 4 
Table 30 includes data from each consecutive year in between 2000 and 2015. In this study, most 
records had a pavement condition rating between 5 and 8. On the other hand, no record with a 
PCR of 1, 2 or 3 was found to compute transition probabilities. 
Table 29. Changes in PCR values for Type 4 Pavements from 2000 to 2001 









0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0   
10 2 3 5 0 0 0     
9 3 6 0 0 0       
12 5 7 0 0         
10 8 1 0 1         
1 1 0 0 0         
0 0 0 0           
0 0 0             






Table 30. Combined Values for Type 4 Pavements from 2000 to 2015 






10 89 0 25 54 10 0 0 0 0 0 0 
9 48 18 25 4 1 0 0 0 0 0 0 
8 227 141 66 19 1 0 0 0 0 0 0 
7 148 85 44 11 5 2 1 0 0 0 0 
6 205 135 66 4 0 0 0 0 0 0 0 
5 200 136 55 8 1 0 0 0 0 0 0 
4 85 48 32 5 0 0 0 0 0 0 0 
3 21 7 11 3 0 0 0 0 0 0 0 
2 12 9 3 0 0 0 0 0 0 0 0 
1 4 4 0 0 0 0 0 0 0 0 0 
Table 31. Transition Probabilities for Type 4 Pavements 
 10 9 8 7 6 5 4 3 2 1 
10 0.000 0.281 0.607 0.112 0.000 0.000 0.000 0.000 0.000 0.000 
9   0.375 0.521 0.083 0.021 0.000 0.000 0.000 0.000 0.000 
8     0.621 0.291 0.084 0.004 0.000 0.000 0.000 0.000 
7       0.574 0.297 0.074 0.034 0.014 0.007 0.000 
6         0.659 0.322 0.020 0.000 0.000 0.000 
5           0.680 0.275 0.040 0.005 0.000 
4             0.565 0.376 0.059 0.000 
3               0.333 0.524 0.143 
2                 0.750 0.250 
1                   1.000 
The transition probability matrix (shown in Table 31) and condition probabilities (Table 32) 
were calculated following the same methodology followed for pavement type 3. 
Similar to the results of other street types, pavements with a full-depth asphalt (at least 7 inches) 
but without a concrete base or curbs are expected to be treated in Year 7. 
While no roads are expected to have a PCR of 10 in Year 7, majority of the roads are expected to 
have condition ratings of 7, 6 and 5 with 14%, 24% and 25.9% probability, respectively. Note 





Table 32. Pavement Condition Probabilities for 20 Years (Type 4 Pavements) 
 10 9 8 7 6 5 4 3 2 1 N<= 5 
Year 0 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
Year 1 0.000 0.281 0.607 0.112 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
Year 2 0.000 0.105 0.523 0.264 0.090 0.011 0.004 0.002 0.001 0.000 0.017 
Year 3 0.000 0.040 0.380 0.313 0.184 0.058 0.016 0.006 0.003 0.000 0.084 
Year 4 0.000 0.015 0.257 0.293 0.247 0.124 0.039 0.015 0.009 0.002 0.189 
Year 5 0.000 0.006 0.167 0.244 0.271 0.187 0.071 0.029 0.019 0.006 0.312 
Year 6 0.000 0.002 0.107 0.189 0.265 0.233 0.105 0.047 0.036 0.015 0.436 
Year 7 0.000 0.001 0.067 0.140 0.240 0.259 0.135 0.067 0.060 0.031 0.552 
Year 8 0.000 0.000 0.042 0.100 0.205 0.264 0.157 0.085 0.091 0.056 0.652 
Year 9 0.000 0.000 0.026 0.070 0.168 0.253 0.168 0.099 0.124 0.091 0.735 
Year 10 0.000 0.000 0.016 0.048 0.134 0.232 0.170 0.108 0.157 0.136 0.802 
Year 11 0.000 0.000 0.010 0.032 0.104 0.204 0.164 0.110 0.185 0.190 0.854 
Year 12 0.000 0.000 0.006 0.021 0.079 0.175 0.152 0.107 0.207 0.252 0.893 
Year 13 0.000 0.000 0.004 0.014 0.059 0.146 0.136 0.100 0.222 0.319 0.923 
Year 14 0.000 0.000 0.002 0.009 0.043 0.119 0.119 0.091 0.227 0.389 0.945 
Year 15 0.000 0.000 0.002 0.006 0.031 0.096 0.101 0.080 0.226 0.459 0.961 
Year 16 0.000 0.000 0.001 0.004 0.023 0.076 0.084 0.068 0.218 0.527 0.972 
Year 17 0.000 0.000 0.001 0.003 0.016 0.059 0.069 0.058 0.204 0.591 0.981 
Year 18 0.000 0.000 0.000 0.002 0.011 0.046 0.056 0.048 0.188 0.650 0.987 
Year 19 0.000 0.000 0.000 0.001 0.008 0.035 0.044 0.039 0.169 0.704 0.991 
Year 20 0.000 0.000 0.000 0.001 0.006 0.026 0.035 0.031 0.150 0.752 0.994 
The change in probability of each PCR for a 20-year period is demonstrated in Figure 13. Figure 





Figure 13. Probability of Each Condition State for Type 4 Pavements of Syracuse, NY 
 
























Proobability Distribution of Each Pavement Condition State
























4.6. Deterioration Prediction Modeling for Type 6 Pavements 
Along with the type 3 pavements, type 6 pavements had also large amount of data. These 
pavements are with curbs and at least 3 inches of asphalt over a concrete base. Table 33 
demonstrates some of the streets that fall into type 6 category pavements. 
Table 33. Type 6 Pavements with Corresponding PCR Values 
streetID block streetName streetType overall crack patch length width F/O class pavement 
12564367 400 LONGMEADOW DR 8 4 4 2552 27 O Local 6 
12564369 5700 SALINA ST 7 3 4  40   MA 6 
12564375 300 LONGMEADOW DR 8 4 4  27 O Local 6 
12564376 5600 SALINA ST 6 3 4  40   MA 6 
12564377 5500 SALINA ST 6 3 3  40   MA 6 
12564377 5500 SALINA ST 5 3 2  40   MA 6 
12564377 5500 SALINA ST 6 3 3  40   MA 6 
12564383 5500 SALINA ST 6 3 3  40   MA 6 
12564383 5500 SALINA ST 5 3 2  40   MA 6 
12564383 5500 SALINA ST 6 3 3  40   MA 6 
12564384 5400 SALINA ST 5 3 2  40   MA 6 
12564386 5900 SALINA ST 7 3 4  40   MA 6 
12564388 5800 SALINA ST 7 3 4  40   MA 6 
12564396 5800 SALINA ST 7 3 4  40   MA 6 
12571847 800 GLENWOOD AVE 8 4 5 600    MA 6 
12571849 2200 GEDDES ST 8 5 4 600 36   MA 6 
12571857 700 GLENWOOD AVE 6 4 5 350    MA 6 
12571860 600 GLENWOOD AVE 8 4 5 400    MA 6 
12571879 2100 GEDDES ST 8 5 4 1650 36   MA 6 
12571882 600 CHARMOUTH DR 5 3 2 411 30   Local 6 
12571991 500 OSTRANDER AVE 5 2 3  24   Local 6 
12571997 100 WIMAN AVE 5 2 3 1108.8 27   Local 6 
12572001 500 GLENWOOD AVE 6 3 5 350    MA 6 
12572003 400 GLENWOOD AVE 6 3 4 300    MA 6 
12572004 300 ARLINGTON AVE 8 4 4 500 36   Local 6 
12572005 300 GLENWOOD AVE 6 3 4 300 27   MA 6 
12572015 200 GLENWOOD AVE 5 2 3 800 36   MA 6 
12572018 100 GLENWOOD AVE 5 2 4 600 25   MA 6 
12572019 100 GLENWOOD AVE 5 2 4 600 25   MA 6 
12572022 800 BRIGHTON AVE 6 3 3 666 28   Local 6 
12572035 100 ARLINGTON AVE 5 3 3 350 36   Local 6 
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Even though there are not many streets with a type 6 pavement demonstrated in Table 34 for 
year 2000, Table 35 shows that this model has the largest number of data compared to other 
street and pavement types.  
Table 34. Changes in PCR values for Type 6 Pavements from 2000 to 2001 











69 0 22 46 1 0 0 0 0 
22 1 11 9 0 0 0 0   
106 54 31 14 3 3 0     
120 68 45 6 1 0       
157 87 59 11 0         
175 132 37 6 0         
41 37 4 0 0         
10 10 0 0           
5 5 0             
0 0               
Table 35. Combined Values for Type 6 Pavements from 2000 to 2015 






10 1909 36 554 1079 159 42 28 7 4 0 0 
9 748 158 483 96 7 4 0 0 0 0 0 
8 3691 1785 1419 425 53 6 0 3 0 0 0 
7 3630 1862 1490 227 26 19 5 0 0 0 0 
6 4929 3214 1393 245 75 2 0 0 0 0 0 
5 3473 2413 792 223 40 5 0 0 0 0 0 
4 1227 905 257 60 5 0 0 0 0 0 0 
3 288 224 59 5 0 0 0 0 0 0 0 
2 76 67 9 0 0 0 0 0 0 0 0 
1 8 8 0 0 0 0 0 0 0 0 0 
Table 36. Transition Probabilities for Type 6 Pavements 
 10 9 8 7 6 5 4 3 2 1 
10 0.019 0.290 0.565 0.083 0.022 0.015 0.004 0.002 0.000 0.000 
9   0.211 0.646 0.128 0.009 0.005 0.000 0.000 0.000 0.000 
8     0.484 0.384 0.115 0.014 0.002 0.000 0.001 0.000 
7       0.513 0.410 0.063 0.007 0.005 0.001 0.000 
6         0.652 0.283 0.050 0.015 0.000 0.000 
5           0.695 0.228 0.064 0.012 0.001 
4             0.738 0.209 0.049 0.004 
3               0.778 0.205 0.017 
2                 0.882 0.118 
1                   1.000 
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The transition probability matrix is given in Table 36. Probabilities for condition ratings 
throughout a 20-year time period are given in Table 37. 
Table 37. Pavement Condition Probabilities for 20 Years (Type 6 Pavements) 
 10 9 8 7 6 5 4 3 2 1 N<= 5 
Year 0 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
Year 1 0.035 0.279 0.534 0.079 0.046 0.020 0.004 0.003 0.000 0.000 0.026 
Year 2 0.001 0.058 0.470 0.274 0.134 0.043 0.012 0.006 0.001 0.000 0.062 
Year 3 0.000 0.011 0.263 0.332 0.255 0.093 0.029 0.013 0.003 0.000 0.138 
Year 4 0.000 0.002 0.131 0.280 0.332 0.160 0.058 0.029 0.008 0.001 0.255 
Year 5 0.000 0.000 0.063 0.201 0.346 0.220 0.095 0.054 0.017 0.003 0.389 
Year 6 0.000 0.000 0.030 0.133 0.317 0.259 0.135 0.088 0.032 0.007 0.521 
Year 7 0.000 0.000 0.014 0.083 0.266 0.273 0.168 0.128 0.055 0.014 0.637 
Year 8 0.000 0.000 0.007 0.050 0.211 0.265 0.191 0.168 0.084 0.024 0.732 
Year 9 0.000 0.000 0.003 0.029 0.161 0.243 0.201 0.203 0.119 0.039 0.806 
Year 10 0.000 0.000 0.001 0.017 0.119 0.213 0.200 0.232 0.157 0.060 0.862 
Year 11 0.000 0.000 0.001 0.010 0.086 0.180 0.190 0.250 0.196 0.087 0.903 
Year 12 0.000 0.000 0.000 0.006 0.062 0.148 0.174 0.260 0.232 0.119 0.933 
Year 13 0.000 0.000 0.000 0.003 0.043 0.119 0.155 0.259 0.265 0.156 0.953 
Year 14 0.000 0.000 0.000 0.002 0.030 0.094 0.134 0.252 0.292 0.197 0.968 
Year 15 0.000 0.000 0.000 0.001 0.021 0.073 0.114 0.238 0.312 0.241 0.978 
Year 16 0.000 0.000 0.000 0.001 0.014 0.056 0.094 0.221 0.326 0.288 0.985 
Year 17 0.000 0.000 0.000 0.000 0.010 0.042 0.077 0.200 0.333 0.337 0.990 
Year 18 0.000 0.000 0.000 0.000 0.007 0.032 0.062 0.179 0.334 0.386 0.993 
Year 19 0.000 0.000 0.000 0.000 0.004 0.024 0.050 0.158 0.330 0.434 0.995 
Year 20 0.000 0.000 0.000 0.000 0.003 0.018 0.039 0.137 0.321 0.482 0.997 
 
The change in probability of each PCR for a 20-year period is demonstrated in Figure 15. Figure 





Figure 15. Probability of Each Condition State for Type 6 Pavements of Syracuse, NY 
 























Probability Distribution of Each Pavement Condition State
























5. MODEL VALIDATION 
It is important to bear in mind the possible bias in these findings, therefore, caution must be 
applied in the interpretation of the results. Resampling methods are used for estimating the 
sampling distribution, and they involve the selection of random data from the original dataset 
with the aim of learning more about the response on new observations (Ebtehaj and Moradkhani, 
2009; Ho Yu, 2003). The statistical values of the resamples were generated by using statistical 
software Xlstat for MS Excel and Minitab 19 to validate the accuracy of the proposed results in 
the pavement deterioration model. 
Histograms provided in this thesis divide sample values into many intervals and demonstrate the 
frequency of data values in each interval with a bar. The bootstrap distribution should look like a 
t-distribution when the sample size is large enough; nevertheless, inadequate sample size will 
result in irregularities in the histogram and it will be more difficult to interpret the results. Boot 
strapping method takes random samples with replacement from original sample and each 
resample size is equal to the size of the original sample. The average represents the sum of all the 
means in bootstrapping divided by the number of resamples. Standard deviation was used to 
indicate dispersion of data and shown with the symbol σ (sigma). In the event that there is no 
bias in the statistic, sampling distribution is to be centered at the true value of the parameter. 
Note that the middle 95% of values in the bootstrapping model account for 95% confidence 
interval and hold practical significance for the condition ratings. Minitab does not calculate the 




Bootstrapping method provides accurate results in terms of prediction and confidence intervals. 
PCR values, which were gathered from the field, were used to generate the pavement 
deterioration model in this study. While sufficient number of data existed for some street types 
and PCR values, some other PCR values did not have as much data as the others had. The dataset 
obtained from the City of Syracuse had approximately 4,800 streets (including all street types i.e. 
avenues, streets, roads etc.) and this number did not represent the entire network since there were 
streets which were not rated. In other words, if more data were available, this could have had an 
impact on the model. Bootstrapping provides statistical values such as mean, variance, standard 
deviation, median and percentiles as well as lower and upper bounds, frequency and density. 
Table 38 demonstrates the number of available data for each street and pavement type. 
Highlighted cells have relatively lower number of data, therefore, these streets were checked 
with bootstrapping method to see the sample distribution with 95% confidence interval. 
Table 38. Number of Available Data for Each Street and Pavement Type from 2000 to 2015 
 Number of Data Available 
 Avenues Streets Roads Pvm. Type 3 Pvm. Type 4 Pvm. Type 6 
10 717 1129 169 518 89 1909 
9 349 535 102 400 48 748 
8 1893 2441 504 2125 227 3691 
7 2172 2986 577 2917 148 3630 
6 2427 3661 469 2462 205 4929 
5 1391 2093 214 855 200 3473 
4 508 763 79 288 85 1227 
3 141 135 34 88 21 288 
2 30 43 11 12 12 76 
1 2 3 3 3 4 8 
 
Expected value (i.e., E(x)) after one year for PCR of 10 is 8.087866 based on Markov model 
calculations, and this number indicates the expected average condition rating of avenues that 
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started the year with a condition rating of 10 in the following year. Table 39 represents the 
results of the Markov model, showing the percentages of avenues to deteriorate from PCR of 10 
to the other states. For instance, while it is expected that 3.5% of the avenues are expected to 
remain in the same condition rating in the following year, 27.9% of the avenues are expected to 
have PCR of 9. 
Table 39. Transition Probabilities of Pavements with an Initial PCR of 10 After One Year 
 10 9 8 7 6 5 4 3 2 1 E(x) 
10 0.035 0.279 0.534 0.079 0.046 0.020 0.004 0.003 0.000 0.000 8.087866 
 
Note that these results were found by taking 717 avenues into account within the entire network 
of the City of Syracuse. The aim of using a resampling method is to see whether or not a similar 
sample distribution and a close mean value would be obtained when there is not enough data. 
Bootstrap mean value was found to be the same with a similar variance and a standard deviation. 
Table 40 represents the results of the resampling for 717 avenues that started the year with a 
pavement condition rating of 10. The statistical values under “Estimator” column belongs to the 
original sample, and all other columns indicate the values for the bootstrap.  
Distribution of the resamples were given in Table 41. In the Markov model, 717 avenues were 
taken into account and one thousand resamples were generated with the same size of the original 
sample. It can be concluded that the mean value and the standard deviation of the data used in 


















Mean 8.088 8.088 0.038 8.014 8.162 
Variance (n) 0.987 0.985 0.087 0.815 1.158 
Standard deviation (n) 0.993 0.992 0.044 0.907 1.080 
Median 8.000 8.000 0.000 8.000 8.000 
2.5-Percentile 5.000 5.428 0.488 4.043 5.957 
97.5-Percentile 10.000 9.923 0.263 9.484 10.516 
 
Table 41. Descriptive Statistics for 717 Avenues Starting the Year with a PCR of 10 
Lower bound Upper bound Frequency Relative frequency Density 
7.9 7.916 0 0.000 0.000 
7.916 7.932 0 0.000 0.000 
7.932 7.948 0 0.000 0.000 
7.948 7.964 1 0.001 0.062 
7.964 7.98 1 0.001 0.062 
7.98 7.996 2 0.002 0.125 
7.996 8.012 13 0.013 0.812 
8.012 8.028 48 0.048 3.000 
8.028 8.044 66 0.066 4.125 
8.044 8.06 107 0.107 6.687 
8.06 8.076 131 0.131 8.187 
8.076 8.092 165 0.165 10.313 
8.092 8.108 170 0.170 10.625 
8.108 8.124 130 0.130 8.125 
8.124 8.14 94 0.094 5.875 
8.14 8.156 39 0.039 2.438 
8.156 8.172 17 0.017 1.063 
8.172 8.188 7 0.007 0.438 
8.188 8.204 7 0.007 0.438 
8.204 8.22 2 0.002 0.125 
 
Figure 17 shows the relative frequency of the mean values of each resample created with 
bootstrapping. As shown in Table 41, mean value of 170 (out of 1000) resamples fell between 
8.092 and 8.108. Relative frequency of variances is also shown in Figure 18 for “n” samples, 




Figure 17. Relative Frequency of the Mean Values of 717 Resamples 
 





















































Histogram (Variance (n) (PCR 10 - Avenues))
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Finding similar statistical values for both the original samples (the data used for Markov model) 
and the bootstrapping model might be as a result of the large sample size. As shown in Table 38, 
only 102 road data with an initial pavement condition rating of 9 were available and used in the 
Markov model. Limited number of data points can result in differences in statistical values which 
are calculated with the bootstrapping method, therefore resampling method was applied for roads 
that started the year with a pavement condition rating of 9.  
Table 42 demonstrates the summary statistics for 102 roads with an initial pavement condition 
rating of 9 and the results of the resampling (with 1000 resamples) are given in Table 43. 





missing data Min Max Mean 
Std. 
deviation 
PCR 9 102 0 102 6.000 9.000 7.892 0.659 
 













Mean 7.892 7.893 0.067 7.760 8.025 
Variance (n) 0.430 0.422 0.078 0.276 0.583 
Standard deviation (n) 0.655 0.647 0.059 0.538 0.773 
Median 8.000 8.000 0.000 8.000 8.000 
2.5-Percentile 6.000 6.353 0.421 5.165 6.835 






Table 44. Descriptive Statistics for 102 Roads Starting the Year with a PCR of 9 
Lower bound Upper bound Frequency Relative frequency Density 
7.6 7.624 0 0.000 0.000 
7.624 7.648 0 0.000 0.000 
7.648 7.672 2 0.002 0.083 
7.672 7.696 0 0.000 0.000 
7.696 7.72 7 0.007 0.292 
7.72 7.744 4 0.004 0.167 
7.744 7.768 22 0.022 0.917 
7.768 7.792 24 0.024 1.000 
7.792 7.816 76 0.076 3.167 
7.816 7.84 79 0.079 3.292 
7.84 7.864 139 0.139 5.792 
7.864 7.888 109 0.109 4.542 
7.888 7.912 163 0.163 6.792 
7.912 7.936 106 0.106 4.417 
7.936 7.96 85 0.085 3.542 
7.96 7.984 97 0.097 4.042 
7.984 8.008 51 0.051 2.125 
8.008 8.032 26 0.026 1.083 
8.032 8.056 7 0.007 0.292 
8.056 8.08 3 0.003 0.125 
 
Bootstrap statistics for the avenues that started the year with a PCR of 10 and the roads that 
started the year with a PCR of 9 were developed with Xlstat, which is a statistical software for 
MS Excel. In order to test the reliability of bootstrapping method on the pavement deterioration 
prediction modeling, 100 data points (PCR 6 – Avenues) were randomly chosen in MS Excel, 
and resampling method was used via Minitab 19. Table 45 illustrates the statistical values for 
100 random samples chosen from 2427 samples and Table 46 demonstrates the resample 
distribution of 10,000 resamples. Expected values of pavement condition ratings and mean 
values of the resamples generated with bootstrapping are shown in Table 47 by using 
probabilities from the matrix in Table 9. Since fewer data points were selected this time, number 
of resamples were increased from 1,000 to 10,000. Other statistical values were also given in 




Figure 19. Bootstrap Histogram for Avenues Starting the Year with a PCR of 6 
Table 45. Observed Samples with Bootstrapping for Avenues Starting the Year with a PCR of 6 
Variable N    Mean  StDev Variance Sum Minimum Median Maximum 
  PCR 6 100  5.5100 0.7316     0.5353  551.0000     2.0000     6.0000     6.0000 
Table 46. Mean, Standard Deviation and 95% Confidence Interval Values of 10,000 Resamples 
Number of 
Resamples Mean StDev 95% CI for μ 
        10000 5.50981 0.07366 (5.36000, 5.65000) 
Above statistics show that if 100 avenues with a PCR of 6 were inspected instead of 2427 
avenues with a PCR of 6, the mean value of the 2427 numbers was going to be very close to the 
mean value of the resamples generated with bootstrap. Deslée et al. maintained that “The 
performance in the bootstrap sample represents estimation of the apparent performance, and the 
performance in the original sample represents test performance.” (Deslée et al., 2007) 
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Resampling methods are used by transportation agencies to validate their data, as well. “Quality 
Assurance and Interval Estimation Procedures for Road Condition Distress Scores” report 
prepared by Texas Transportation Institute, for instance, includes bootstrap samples to verify the 
distress survey values to be used in the Pavement Management System (Wikander et al., 2004). 
6. DISCUSSION 
First and foremost, the quantity and quality of data plays an important role in developing 
pavement prediction models. Even though the initial dataset contained sufficient data for a 
thorough analysis, a large number of data points were removed because of inconsistencies. 
Performing visual inspection might be a reason of these inconsistencies and these can be 
prevented by using sensor and laser technologies. This would eliminate the dependency on visual 
inspections and provide more accurate results. 
In the literature, there has been long discussions as to how to evaluate Markov chain results in 
terms of pavement deterioration. Many researchers paid close attention to the probability of 
condition state 5 – when condition states are reported on a scale of 10 to 1 - to determine the 
lifetime of a pavement or to predict future pavement conditions. As a rule of thumb, a pavement 
condition rating of 5 is regarded as a threshold value, and agencies consider streets with a rating 
of 5 or less to be in need of maintenance or rehabilitation as soon as possible. Provided that 
streets will receive treatment by the agencies and will not remain in poor condition states for too 
long, it is expected that there will not be an accumulated probability in the lowest condition 
states. This is the reason why this study has focused on the summed probability of condition 
states 5, 4, 3, 2 and 1, rather than focusing on one state.  
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In literature, maintenance and rehabilitation work is generally estimated to be done in every 8 to 
12 years. The results point out a cumulative probability of being in pavement condition ratings of 
5, 4, 3, 2 and 1 as follows: 
• 52.3% in Year 6 for avenues 
• 60.5% in Year 7 for streets 
• 61.7% in Year 6 for roads 
• 56.5% in Year 6 for type 3 pavements 
• 55.2% in Year 7 for type 4 pavements 
• 52.1% in Year 6 for type 6 pavements 
It is salient that deterioration in condition state 10 is the fastest, and it can be added that the 
previously mentioned reasons are contributing reasons for the curve to be steeper than the other 
curves. Even though there are several studies showing deterioration curves of the pavement with 
various shapes and inclinations, it can be deduced that the curve is similar to the expected S-
curve for pavement deterioration. The results should be interpreted carefully as the deterioration 
prediction models tell about the overall probability of pavements that have a condition rating of 6 
or above. One can also make an inference that each street that is reaching to a PCR of 5 should 
be maintained and therefore the probability for condition state of 5 would give the percentage of 
streets that are expected to be maintained. 
In order to see the correlation between pavement thickness and deterioration rate, the same 
analyses have been performed on pavement sections with different pavement types. Since there 
are only 3 pavement types, the overall number of data was satisfying for sections with curbs and 
at least 3 inches of asphalt over a concrete base as well as sections with no curbs, no improved 
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sub base, and 3 inches or less of asphalt. However, there was not enough data for sections with 
full-depth asphalt (at least 7 inches) but without a concrete base or curbs. Therefore, results 
indicated the comparison of sections with curbs and no curbs as well as concrete base and no 
improved base. Pavement deterioration model indicated that for pavements with curbs and 
concrete base, treatment can be needed in the 6th year, whereas street sections with no curbs and 
no improved sub base need treatment in the 5th year due to faster deterioration rate.  
Since Markov models generated are dependent on the inspection data, one of the concerns in this 
thesis was regarding the number of records used in the models. Bootstrap models were generated 
for PCR values in which there were fewer data than the other states to validate the Markov 
models. As a result of bootstrapping, it was found that the statistical values of the original sample 
and the subsamples were satisfactorily close to each other. This also indicated a sufficient 
number of records was collected to generate prediction models for pavement deterioration. One 
of the key findings in this thesis is that fewer number of inspections could lead to very similar 
results and this may help the City of Syracuse to lower the inspection costs. 
7. CONCLUSION 
Markov chains are preferred commonly in pavement deterioration modeling due to its simplicity 
and memoryless assumption where the future condition depends only on the current state. Road 
ratings data have been scrutinized and filtered to avoid any disturbances in the model. The same 
process has been repeated for the avenues, streets and roads so that the differences in 
deterioration models could be highlighted. In this study, future condition predictions of the 
avenues, streets and roads have been calculated by using matrix multiplications, and the assets 
were assumed to start the year in PCR of 10. By multiplying the matrices repeatedly, it was 
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found that the fraction of pavement sections in condition states of 5 through 1 reached 50% level 
in the 6th year for avenues and roads, and in the 7th year for streets in Syracuse, NY.  
Arimbi performed a similar study in Rijkswaterstaat, the Netherlands to forecast the service life 
of a road network without maintenance and found that roads required maintenance or 
rehabilitation in between Year 6 and Year 7 (Arimbi, 2015). 
As the demand on the pavement and pavement thickness determine the life-cycle of the 
pavement, different neighborhoods would be expected to have different ratings. For instance, 
school and hospital districts as well as downtown area might have better condition ratings than 
the rural areas. On the other hand, rural areas are also where there is less traffic demand, less 
truck percentage and less snow removal. Therefore, considering these, future research may focus 
on the effects of geographic locations on pavement deterioration. 
 Pavements without a concrete base and those with different asphalt thicknesses over the 
concrete base, as well as sections with curbs and without curbs did not exhibit considerable 
differences from each other. The model developed forecasts maintenance need to occur in the 6th 
year for sections with at least 3 inches of asphalt over a concrete base, in the 7th year for sections 
with full-depth of asphalt but without a concrete base, and in the 6th year for sections with 3 
inches or less of asphalt and no improved sub base. If paid close attention, it is easy to notice that 
none of these pavement types are comparable with each other. Pavement types include 
pavements with a proper sub-base and a thin layer of asphalt overlay as well as pavements with 
no proper sub-base and a thicker layer of asphalt overlay.  
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One of the limitations of this study is that the results of Markov chains cannot be used to predict 
the deterioration of individual streets. Transition probability matrices require input from other 
streets in the network to develop an accurate model. 
In general, pavements are estimated to receive a treatment every 8 to 12 years to maintain a 
satisfactory level of service, which is regarded as a qualitative measure. Streets that provide poor 
levels of service are generally assumed to have a rating of below 5, where corrective action 
needs to be taken. In this study, judgement for the maintenance, repair and rehabilitation needs 
was made based on the summation of probabilities for pavement condition ratings of 1, 2, 3, 4 
and 5. Considering harsh winter conditions in Syracuse, expecting a shorter pavement service 
life than general is not unusual. Overall, the method used in this thesis to forecast pavement 
deterioration in the City of Syracuse produced robust results.  
The applicability of these results to real life practices is quite important. Budgeting priorities 
play a crucial role in such investment decisions. Maintenance needs for sewer systems also have 
a direct impact on the pavements, as most of the time these activities require excavation of the 
pavement and base layers. Increasing tax revenues and having as many grants as possible from 
the state and federal level agencies can help collecting the necessary funds. Decision makers in 
the City of Syracuse can use the models studied in this thesis to estimate the future costs and 
scope of pavement works.  
On the other hand, there might be some challenges while adopting the results of this research. 
The future challenges for pavement management can include institutional, technical, economic 
and life-cycle issues. These can be examined through structural design and treatment selection 




Table A1. Transition Probability Matrix for the First Year - Avenues 
P 
0.035 0.279 0.534 0.079 0.046 0.020 0.004 0.003 0.000 0.000 
0.000 0.175 0.722 0.092 0.009 0.003 0.000 0.000 0.000 0.000 
0.000 0.000 0.469 0.380 0.128 0.018 0.004 0.001 0.000 0.000 
0.000 0.000 0.000 0.540 0.384 0.068 0.007 0.001 0.000 0.000 
0.000 0.000 0.000 0.000 0.668 0.268 0.052 0.011 0.001 0.000 
0.000 0.000 0.000 0.000 0.000 0.689 0.229 0.075 0.005 0.001 
0.000 0.000 0.000 0.000 0.000 0.000 0.675 0.270 0.053 0.002 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.773 0.206 0.021 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.867 0.133 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 Table A2. Transition Probability Matrix for the Second Year - Avenues 
P2 
0.001 0.058 0.470 0.274 0.134 0.043 0.012 0.006 0.001 0.000 
0.000 0.031 0.465 0.340 0.135 0.024 0.004 0.001 0.000 0.000 
0.000 0.000 0.220 0.383 0.291 0.081 0.018 0.005 0.001 0.000 
0.000 0.000 0.000 0.291 0.464 0.186 0.045 0.013 0.002 0.000 
0.000 0.000 0.000 0.000 0.446 0.364 0.132 0.050 0.008 0.001 
0.000 0.000 0.000 0.000 0.000 0.475 0.313 0.172 0.036 0.004 
0.000 0.000 0.000 0.000 0.000 0.000 0.456 0.391 0.137 0.016 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.598 0.337 0.065 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.751 0.249 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A3. Transition Probability Matrix for the Third Year - Avenues 
P3 
0.000 0.011 0.263 0.332 0.255 0.093 0.029 0.013 0.003 0.000 
0.000 0.005 0.240 0.363 0.280 0.085 0.020 0.006 0.001 0.000 
0.000 0.000 0.103 0.290 0.370 0.164 0.050 0.019 0.004 0.000 
0.000 0.000 0.000 0.157 0.421 0.272 0.099 0.041 0.008 0.001 
0.000 0.000 0.000 0.000 0.298 0.370 0.196 0.107 0.026 0.003 
0.000 0.000 0.000 0.000 0.000 0.328 0.320 0.253 0.085 0.013 
0.000 0.000 0.000 0.000 0.000 0.000 0.308 0.425 0.224 0.044 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.462 0.415 0.123 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.651 0.349 






 Table A4. Transition Probability Matrix for the Fourth Year - Avenues 
P4 
0.000 0.002 0.131 0.280 0.332 0.160 0.058 0.029 0.008 0.001 
0.000 0.001 0.116 0.288 0.357 0.162 0.051 0.020 0.004 0.000 
0.000 0.000 0.048 0.196 0.372 0.234 0.093 0.045 0.011 0.001 
0.000 0.000 0.000 0.085 0.342 0.311 0.153 0.084 0.023 0.003 
0.000 0.000 0.000 0.000 0.199 0.335 0.233 0.167 0.057 0.010 
0.000 0.000 0.000 0.000 0.000 0.226 0.291 0.307 0.145 0.031 
0.000 0.000 0.000 0.000 0.000 0.000 0.208 0.411 0.298 0.083 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.357 0.455 0.188 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.564 0.436 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 Table A5. Transition Probability Matrix for the Fifth Year - Avenues 
P5 
0.000 0.000 0.063 0.201 0.346 0.220 0.095 0.054 0.017 0.003 
0.000 0.000 0.055 0.199 0.364 0.229 0.093 0.046 0.012 0.002 
0.000 0.000 0.023 0.124 0.330 0.275 0.138 0.082 0.025 0.004 
0.000 0.000 0.000 0.046 0.261 0.312 0.193 0.133 0.047 0.009 
0.000 0.000 0.000 0.000 0.133 0.284 0.244 0.219 0.098 0.022 
0.000 0.000 0.000 0.000 0.000 0.156 0.249 0.333 0.205 0.057 
0.000 0.000 0.000 0.000 0.000 0.000 0.140 0.374 0.354 0.132 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.276 0.468 0.256 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.489 0.511 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A6. Transition Probability Matrix for the Sixth Year - Avenues 
P6 
0.000 0.000 0.030 0.133 0.317 0.259 0.135 0.088 0.032 0.007 
0.000 0.000 0.026 0.129 0.327 0.270 0.136 0.082 0.026 0.004 
0.000 0.000 0.011 0.076 0.271 0.287 0.174 0.125 0.048 0.010 
0.000 0.000 0.000 0.025 0.192 0.288 0.216 0.182 0.080 0.018 
0.000 0.000 0.000 0.000 0.089 0.232 0.237 0.258 0.145 0.040 
0.000 0.000 0.000 0.000 0.000 0.107 0.204 0.336 0.260 0.093 
0.000 0.000 0.000 0.000 0.000 0.000 0.095 0.327 0.391 0.187 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.213 0.462 0.324 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.424 0.576 






Table A7. Transition Probability Matrix for the Seventh Year - Avenues 
P7 
0.000 0.000 0.014 0.083 0.266 0.273 0.168 0.128 0.055 0.014 
0.000 0.000 0.012 0.079 0.271 0.283 0.172 0.124 0.048 0.010 
0.000 0.000 0.005 0.045 0.211 0.275 0.198 0.168 0.078 0.019 
0.000 0.000 0.000 0.013 0.138 0.252 0.222 0.222 0.120 0.033 
0.000 0.000 0.000 0.000 0.059 0.183 0.218 0.282 0.192 0.065 
0.000 0.000 0.000 0.000 0.000 0.074 0.162 0.323 0.306 0.135 
0.000 0.000 0.000 0.000 0.000 0.000 0.064 0.278 0.411 0.247 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.165 0.444 0.391 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.367 0.633 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A8. Transition Probability Matrix for the Eighth Year - Avenues 
P8 
0.000 0.000 0.007 0.050 0.211 0.265 0.191 0.168 0.084 0.024 
0.000 0.000 0.006 0.047 0.213 0.273 0.196 0.167 0.078 0.020 
0.000 0.000 0.002 0.026 0.159 0.250 0.208 0.207 0.114 0.034 
0.000 0.000 0.000 0.007 0.097 0.211 0.215 0.252 0.163 0.055 
0.000 0.000 0.000 0.000 0.040 0.142 0.192 0.291 0.237 0.098 
0.000 0.000 0.000 0.000 0.000 0.051 0.126 0.299 0.341 0.183 
0.000 0.000 0.000 0.000 0.000 0.000 0.043 0.232 0.417 0.307 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.128 0.419 0.453 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.318 0.682 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A9. Transition Probability Matrix for the Ninth Year - Avenues 
P9 
0.000 0.000 0.003 0.029 0.161 0.243 0.201 0.203 0.119 0.039 
0.000 0.000 0.003 0.028 0.161 0.249 0.206 0.205 0.114 0.034 
0.000 0.000 0.001 0.015 0.116 0.216 0.206 0.237 0.154 0.054 
0.000 0.000 0.000 0.004 0.068 0.172 0.199 0.270 0.206 0.082 
0.000 0.000 0.000 0.000 0.026 0.109 0.165 0.288 0.276 0.136 
0.000 0.000 0.000 0.000 0.000 0.035 0.097 0.269 0.364 0.235 
0.000 0.000 0.000 0.000 0.000 0.000 0.029 0.191 0.411 0.368 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.099 0.389 0.512 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.276 0.724 





Table A10. Transition Probability Matrix for the Tenth Year - Avenues 
P10 
0.000 0.000 0.001 0.017 0.119 0.213 0.200 0.232 0.157 0.060 
0.000 0.000 0.001 0.016 0.119 0.217 0.205 0.235 0.153 0.055 
0.000 0.000 0.001 0.008 0.084 0.181 0.195 0.256 0.194 0.080 
0.000 0.000 0.000 0.002 0.047 0.137 0.177 0.276 0.245 0.116 
0.000 0.000 0.000 0.000 0.018 0.082 0.137 0.276 0.308 0.179 
0.000 0.000 0.000 0.000 0.000 0.024 0.074 0.237 0.376 0.289 
0.000 0.000 0.000 0.000 0.000 0.000 0.020 0.156 0.397 0.427 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.076 0.358 0.566 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.239 0.761 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A11. Transition Probability Matrix for Eleventh Year - Avenues 
P11 
0.000 0.000 0.001 0.010 0.086 0.180 0.190 0.250 0.196 0.087 
0.000 0.000 0.001 0.009 0.086 0.182 0.194 0.254 0.193 0.081 
0.000 0.000 0.000 0.005 0.059 0.148 0.178 0.265 0.232 0.112 
0.000 0.000 0.000 0.001 0.032 0.107 0.153 0.272 0.279 0.155 
0.000 0.000 0.000 0.000 0.012 0.061 0.113 0.256 0.331 0.226 
0.000 0.000 0.000 0.000 0.000 0.017 0.055 0.205 0.379 0.345 
0.000 0.000 0.000 0.000 0.000 0.000 0.013 0.126 0.378 0.483 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.059 0.326 0.615 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.207 0.793 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A12. Transition Probability Matrix for Twelfth Year - Avenues 
P12 
0.000 0.000 0.000 0.006 0.062 0.148 0.174 0.260 0.232 0.119 
0.000 0.000 0.000 0.005 0.061 0.149 0.178 0.264 0.231 0.112 
0.000 0.000 0.000 0.003 0.041 0.118 0.157 0.265 0.266 0.149 
0.000 0.000 0.000 0.001 0.022 0.082 0.130 0.260 0.307 0.198 
0.000 0.000 0.000 0.000 0.008 0.045 0.091 0.233 0.346 0.276 
0.000 0.000 0.000 0.000 0.000 0.012 0.041 0.174 0.373 0.400 
0.000 0.000 0.000 0.000 0.000 0.000 0.009 0.101 0.354 0.536 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.046 0.294 0.660 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.180 0.820 






Table A13. Transition Probability Matrix for Thirteenth Year - Avenues 
P13 
0.000 0.000 0.000 0.003 0.043 0.119 0.155 0.259 0.265 0.156 
0.000 0.000 0.000 0.003 0.043 0.119 0.157 0.264 0.265 0.149 
0.000 0.000 0.000 0.001 0.029 0.093 0.135 0.257 0.294 0.191 
0.000 0.000 0.000 0.000 0.015 0.063 0.108 0.243 0.327 0.245 
0.000 0.000 0.000 0.000 0.005 0.033 0.072 0.208 0.353 0.328 
0.000 0.000 0.000 0.000 0.000 0.008 0.030 0.147 0.362 0.453 
0.000 0.000 0.000 0.000 0.000 0.000 0.006 0.080 0.328 0.586 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.035 0.265 0.700 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.156 0.844 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A14. Transition Probability Matrix for Fourteenth Year - Avenues 
P14 
0.000 0.000 0.000 0.002 0.030 0.094 0.134 0.252 0.292 0.197 
0.000 0.000 0.000 0.002 0.030 0.094 0.136 0.256 0.293 0.190 
0.000 0.000 0.000 0.001 0.020 0.072 0.114 0.242 0.315 0.236 
0.000 0.000 0.000 0.000 0.010 0.047 0.088 0.221 0.339 0.294 
0.000 0.000 0.000 0.000 0.004 0.024 0.057 0.183 0.353 0.379 
0.000 0.000 0.000 0.000 0.000 0.005 0.022 0.122 0.345 0.505 
0.000 0.000 0.000 0.000 0.000 0.000 0.004 0.064 0.301 0.631 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.027 0.237 0.736 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.135 0.865 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A15. Transition Probability Matrix for Fifteenth Year - Avenues 
P15 
0.000 0.000 0.000 0.001 0.021 0.073 0.114 0.238 0.312 0.241 
0.000 0.000 0.000 0.001 0.020 0.073 0.115 0.242 0.314 0.235 
0.000 0.000 0.000 0.000 0.013 0.055 0.095 0.224 0.330 0.283 
0.000 0.000 0.000 0.000 0.007 0.035 0.071 0.199 0.344 0.344 
0.000 0.000 0.000 0.000 0.002 0.018 0.044 0.159 0.347 0.431 
0.000 0.000 0.000 0.000 0.000 0.004 0.016 0.101 0.326 0.553 
0.000 0.000 0.000 0.000 0.000 0.000 0.003 0.050 0.274 0.673 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.021 0.211 0.768 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.117 0.883 






Table A16. Transition Probability Matrix for Sixteenth Year - Avenues 
P16 
0.000 0.000 0.000 0.001 0.014 0.056 0.094 0.221 0.326 0.288 
0.000 0.000 0.000 0.000 0.014 0.056 0.095 0.224 0.328 0.283 
0.000 0.000 0.000 0.000 0.009 0.041 0.077 0.203 0.337 0.332 
0.000 0.000 0.000 0.000 0.005 0.026 0.056 0.175 0.343 0.395 
0.000 0.000 0.000 0.000 0.002 0.013 0.034 0.136 0.336 0.480 
0.000 0.000 0.000 0.000 0.000 0.003 0.012 0.083 0.304 0.599 
0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.040 0.248 0.710 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.016 0.187 0.797 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.101 0.899 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A17. Transition Probability Matrix for Seventeenth Year - Avenues 
P17 
0.000 0.000 0.000 0.000 0.010 0.042 0.077 0.200 0.333 0.337 
0.000 0.000 0.000 0.000 0.009 0.042 0.078 0.203 0.336 0.331 
0.000 0.000 0.000 0.000 0.006 0.031 0.062 0.181 0.338 0.382 
0.000 0.000 0.000 0.000 0.003 0.019 0.044 0.153 0.337 0.444 
0.000 0.000 0.000 0.000 0.001 0.009 0.026 0.115 0.321 0.528 
0.000 0.000 0.000 0.000 0.000 0.002 0.009 0.067 0.281 0.641 
0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.031 0.223 0.744 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.013 0.165 0.822 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.088 0.912 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A18. Transition Probability Matrix for Eighteenth Year - Avenues 
P18 
0.000 0.000 0.000 0.000 0.007 0.032 0.062 0.179 0.334 0.386 
0.000 0.000 0.000 0.000 0.006 0.032 0.063 0.181 0.337 0.381 
0.000 0.000 0.000 0.000 0.004 0.023 0.049 0.159 0.334 0.431 
0.000 0.000 0.000 0.000 0.002 0.014 0.034 0.131 0.326 0.492 
0.000 0.000 0.000 0.000 0.001 0.007 0.020 0.097 0.303 0.573 
0.000 0.000 0.000 0.000 0.000 0.001 0.006 0.055 0.258 0.680 
0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.024 0.200 0.775 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.010 0.146 0.844 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.076 0.924 





Table A19. Transition Probability Matrix for Nineteenth Year - Avenues 
P19 
0.000 0.000 0.000 0.000 0.004 0.024 0.050 0.158 0.330 0.434 
0.000 0.000 0.000 0.000 0.004 0.024 0.050 0.159 0.333 0.430 
0.000 0.000 0.000 0.000 0.003 0.017 0.039 0.138 0.325 0.479 
0.000 0.000 0.000 0.000 0.001 0.010 0.027 0.112 0.311 0.539 
0.000 0.000 0.000 0.000 0.000 0.005 0.015 0.081 0.284 0.616 
0.000 0.000 0.000 0.000 0.000 0.001 0.005 0.044 0.235 0.716 
0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.019 0.178 0.802 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.008 0.128 0.864 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.066 0.934 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A20. Transition Probability Matrix for Twentieth Year - Avenues 
P20 
0.000 0.000 0.000 0.000 0.003 0.018 0.039 0.137 0.321 0.482 
0.000 0.000 0.000 0.000 0.003 0.017 0.039 0.139 0.324 0.478 
0.000 0.000 0.000 0.000 0.002 0.013 0.030 0.118 0.312 0.525 
0.000 0.000 0.000 0.000 0.001 0.007 0.020 0.094 0.294 0.583 
0.000 0.000 0.000 0.000 0.000 0.003 0.011 0.067 0.263 0.655 
0.000 0.000 0.000 0.000 0.000 0.001 0.003 0.035 0.213 0.748 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.015 0.159 0.826 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.006 0.113 0.881 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.057 0.943 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A21 Transition Probability Matrix for the First Year - Streets 
P 
0.009 0.301 0.560 0.095 0.027 0.006 0.003 0.000 0.000 0.000 
0.000 0.243 0.587 0.135 0.026 0.009 0.000 0.000 0.000 0.000 
0.000 0.000 0.492 0.381 0.110 0.016 0.000 0.000 0.000 0.000 
0.000 0.000 0.000 0.526 0.398 0.061 0.011 0.003 0.002 0.000 
0.000 0.000 0.000 0.000 0.684 0.260 0.046 0.010 0.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.721 0.213 0.056 0.010 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.759 0.183 0.052 0.005 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.785 0.193 0.022 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.814 0.186 






Table A22. Transition Probability Matrix for the Second Year - Streets 
P2 
0.000 0.076 0.457 0.305 0.126 0.029 0.006 0.001 0.000 0.000 
0.000 0.059 0.431 0.327 0.142 0.034 0.005 0.001 0.000 0.000 
0.000 0.000 0.242 0.388 0.281 0.072 0.013 0.003 0.001 0.000 
0.000 0.000 0.000 0.277 0.481 0.179 0.045 0.013 0.004 0.000 
0.000 0.000 0.000 0.000 0.468 0.366 0.121 0.037 0.007 0.001 
0.000 0.000 0.000 0.000 0.000 0.520 0.315 0.123 0.037 0.004 
0.000 0.000 0.000 0.000 0.000 0.000 0.576 0.283 0.118 0.023 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.617 0.308 0.076 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.663 0.337 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 
Table A23. Transition Probability Matrix for the Third Year - Streets 
P3 
0.000 0.018 0.269 0.345 0.259 0.081 0.020 0.006 0.002 0.000 
0.000 0.014 0.247 0.344 0.277 0.089 0.021 0.006 0.002 0.000 
0.000 0.000 0.119 0.296 0.373 0.153 0.042 0.013 0.003 0.000 
0.000 0.000 0.000 0.146 0.439 0.272 0.097 0.034 0.011 0.002 
0.000 0.000 0.000 0.000 0.320 0.386 0.191 0.076 0.023 0.003 
0.000 0.000 0.000 0.000 0.000 0.375 0.350 0.184 0.076 0.016 
0.000 0.000 0.000 0.000 0.000 0.000 0.437 0.328 0.181 0.054 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.484 0.369 0.147 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.539 0.461 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 
Table A24. Transition Probability Matrix for the Fourth Year - Streets 
P4 
0.000 0.004 0.143 0.286 0.345 0.151 0.048 0.016 0.005 0.001 
0.000 0.003 0.130 0.277 0.354 0.161 0.051 0.017 0.005 0.001 
0.000 0.000 0.059 0.201 0.386 0.227 0.085 0.031 0.010 0.001 
0.000 0.000 0.000 0.077 0.358 0.319 0.153 0.064 0.023 0.005 
0.000 0.000 0.000 0.000 0.219 0.361 0.242 0.120 0.048 0.010 
0.000 0.000 0.000 0.000 0.000 0.270 0.345 0.229 0.119 0.036 
0.000 0.000 0.000 0.000 0.000 0.000 0.332 0.338 0.233 0.097 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.380 0.394 0.226 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.439 0.561 




Table A25. Transition Probability Matrix for the Fifth Year - Streets 
P5 
0.000 0.001 0.073 0.206 0.366 0.219 0.087 0.034 0.012 0.002 
0.000 0.001 0.066 0.196 0.367 0.227 0.092 0.036 0.012 0.002 
0.000 0.000 0.029 0.128 0.351 0.278 0.133 0.057 0.021 0.004 
0.000 0.000 0.000 0.040 0.276 0.328 0.201 0.100 0.043 0.012 
0.000 0.000 0.000 0.000 0.150 0.318 0.271 0.161 0.078 0.023 
0.000 0.000 0.000 0.000 0.000 0.195 0.320 0.259 0.162 0.065 
0.000 0.000 0.000 0.000 0.000 0.000 0.252 0.326 0.272 0.150 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.298 0.394 0.308 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.357 0.643 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A26. Transition Probability Matrix for the Sixth Year - Streets 
P6 
0.000 0.000 0.037 0.136 0.340 0.267 0.132 0.059 0.023 0.006 
0.000 0.000 0.033 0.128 0.336 0.272 0.137 0.062 0.025 0.006 
0.000 0.000 0.014 0.078 0.294 0.300 0.177 0.088 0.038 0.010 
0.000 0.000 0.000 0.021 0.205 0.311 0.236 0.137 0.068 0.023 
0.000 0.000 0.000 0.000 0.103 0.268 0.280 0.195 0.112 0.043 
0.000 0.000 0.000 0.000 0.000 0.140 0.284 0.273 0.200 0.102 
0.000 0.000 0.000 0.000 0.000 0.000 0.191 0.302 0.298 0.209 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.234 0.378 0.388 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.291 0.709 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A27. Transition Probability Matrix for the Seventh Year - Streets 
P7 
0.000 0.000 0.018 0.086 0.291 0.290 0.174 0.089 0.040 0.012 
0.000 0.000 0.016 0.080 0.285 0.292 0.179 0.093 0.042 0.013 
0.000 0.000 0.007 0.047 0.234 0.298 0.213 0.122 0.060 0.020 
0.000 0.000 0.000 0.011 0.148 0.279 0.255 0.170 0.097 0.040 
0.000 0.000 0.000 0.000 0.070 0.220 0.274 0.220 0.146 0.069 
0.000 0.000 0.000 0.000 0.000 0.101 0.246 0.274 0.232 0.147 
0.000 0.000 0.000 0.000 0.000 0.000 0.145 0.272 0.310 0.272 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.184 0.353 0.463 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.237 0.763 






Table A28. Transition Probability Matrix for the Eighth Year - Streets 
P8 
0.000 0.000 0.009 0.052 0.235 0.290 0.208 0.121 0.062 0.022 
0.000 0.000 0.008 0.048 0.228 0.290 0.212 0.125 0.065 0.023 
0.000 0.000 0.003 0.027 0.179 0.278 0.236 0.153 0.087 0.035 
0.000 0.000 0.000 0.006 0.106 0.240 0.260 0.197 0.128 0.063 
0.000 0.000 0.000 0.000 0.048 0.177 0.258 0.236 0.178 0.103 
0.000 0.000 0.000 0.000 0.000 0.073 0.208 0.266 0.255 0.198 
0.000 0.000 0.000 0.000 0.000 0.000 0.110 0.240 0.313 0.337 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.144 0.323 0.533 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.193 0.807 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A29. Transition Probability Matrix for the Ninth Year - Streets 
P9 
0.000 0.000 0.004 0.031 0.183 0.274 0.231 0.152 0.088 0.038 
0.000 0.000 0.004 0.029 0.176 0.272 0.234 0.156 0.091 0.039 
0.000 0.000 0.002 0.016 0.134 0.249 0.247 0.181 0.115 0.056 
0.000 0.000 0.000 0.003 0.075 0.201 0.253 0.217 0.158 0.093 
0.000 0.000 0.000 0.000 0.033 0.140 0.236 0.243 0.206 0.142 
0.000 0.000 0.000 0.000 0.000 0.053 0.173 0.251 0.271 0.252 
0.000 0.000 0.000 0.000 0.000 0.000 0.083 0.209 0.307 0.401 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.113 0.290 0.596 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.157 0.843 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A30. Transition Probability Matrix for the Tenth Year - Streets 
P10 
0.000 0.000 0.002 0.018 0.138 0.247 0.242 0.179 0.116 0.059 
0.000 0.000 0.002 0.017 0.132 0.243 0.243 0.182 0.119 0.061 
0.000 0.000 0.001 0.009 0.098 0.216 0.247 0.203 0.144 0.083 
0.000 0.000 0.000 0.002 0.052 0.165 0.238 0.229 0.186 0.128 
0.000 0.000 0.000 0.000 0.022 0.110 0.210 0.242 0.228 0.187 
0.000 0.000 0.000 0.000 0.000 0.038 0.143 0.232 0.278 0.309 
0.000 0.000 0.000 0.000 0.000 0.000 0.063 0.179 0.294 0.463 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.089 0.258 0.653 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.128 0.872 






Table A31. Transition Probability Matrix for the Eleventh Year - Streets 
P11 
0.000 0.000 0.001 0.010 0.102 0.215 0.243 0.200 0.144 0.086 
0.000 0.000 0.001 0.009 0.097 0.211 0.243 0.203 0.147 0.088 
0.000 0.000 0.000 0.005 0.071 0.181 0.238 0.217 0.172 0.116 
0.000 0.000 0.000 0.001 0.037 0.132 0.218 0.233 0.210 0.169 
0.000 0.000 0.000 0.000 0.015 0.085 0.184 0.235 0.244 0.236 
0.000 0.000 0.000 0.000 0.000 0.027 0.116 0.210 0.279 0.367 
0.000 0.000 0.000 0.000 0.000 0.000 0.048 0.152 0.277 0.522 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.070 0.227 0.703 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.104 0.896 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A32. Transition Probability Matrix for the Twelfth Year - Streets 
P12 
0.000 0.000 0.001 0.006 0.074 0.182 0.235 0.215 0.171 0.118 
0.000 0.000 0.000 0.005 0.070 0.178 0.234 0.216 0.174 0.122 
0.000 0.000 0.000 0.003 0.050 0.150 0.222 0.225 0.196 0.154 
0.000 0.000 0.000 0.000 0.025 0.105 0.196 0.231 0.228 0.214 
0.000 0.000 0.000 0.000 0.011 0.065 0.158 0.223 0.255 0.288 
0.000 0.000 0.000 0.000 0.000 0.020 0.094 0.188 0.274 0.424 
0.000 0.000 0.000 0.000 0.000 0.000 0.036 0.129 0.258 0.577 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.055 0.199 0.747 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.085 0.915 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A33. Transition Probability Matrix for the Thirteenth Year – Streets 
P13 
0.000 0.000 0.000 0.003 0.053 0.151 0.220 0.222 0.194 0.156 
0.000 0.000 0.000 0.003 0.050 0.147 0.219 0.223 0.197 0.160 
0.000 0.000 0.000 0.002 0.036 0.121 0.203 0.226 0.216 0.196 
0.000 0.000 0.000 0.000 0.018 0.082 0.172 0.223 0.242 0.263 
0.000 0.000 0.000 0.000 0.007 0.050 0.135 0.208 0.259 0.341 
0.000 0.000 0.000 0.000 0.000 0.014 0.076 0.166 0.264 0.480 
0.000 0.000 0.000 0.000 0.000 0.000 0.028 0.108 0.236 0.628 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.043 0.172 0.785 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.069 0.931 






Table A34. Transition Probability Matrix for the Fourteenth Year - Streets 
P14 
0.000 0.000 0.000 0.002 0.037 0.123 0.202 0.224 0.214 0.198 
0.000 0.000 0.000 0.002 0.036 0.119 0.200 0.224 0.216 0.203 
0.000 0.000 0.000 0.001 0.025 0.097 0.181 0.222 0.231 0.242 
0.000 0.000 0.000 0.000 0.012 0.064 0.149 0.212 0.249 0.314 
0.000 0.000 0.000 0.000 0.005 0.038 0.113 0.191 0.259 0.395 
0.000 0.000 0.000 0.000 0.000 0.010 0.060 0.145 0.251 0.533 
0.000 0.000 0.000 0.000 0.000 0.000 0.021 0.090 0.215 0.675 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.034 0.148 0.818 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.056 0.944 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 
Table A35. Transition Probability Matrix for the Fifteenth Year - Streets 
P15 
0.000 0.000 0.000 0.001 0.026 0.098 0.181 0.220 0.229 0.244 
0.000 0.000 0.000 0.001 0.025 0.095 0.179 0.220 0.231 0.249 
0.000 0.000 0.000 0.000 0.017 0.076 0.159 0.213 0.242 0.291 
0.000 0.000 0.000 0.000 0.008 0.049 0.127 0.197 0.252 0.366 
0.000 0.000 0.000 0.000 0.003 0.028 0.094 0.173 0.254 0.448 
0.000 0.000 0.000 0.000 0.000 0.007 0.048 0.126 0.236 0.583 
0.000 0.000 0.000 0.000 0.000 0.000 0.016 0.074 0.193 0.717 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.027 0.127 0.846 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.046 0.954 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 
Table A36. Transition Probability Matrix for the Sixteenth Year - Streets 
P16 
0.000 0.000 0.000 0.001 0.018 0.078 0.160 0.212 0.239 0.292 
0.000 0.000 0.000 0.001 0.018 0.075 0.157 0.211 0.241 0.298 
0.000 0.000 0.000 0.000 0.012 0.060 0.138 0.201 0.247 0.342 
0.000 0.000 0.000 0.000 0.006 0.038 0.107 0.181 0.250 0.418 
0.000 0.000 0.000 0.000 0.002 0.021 0.078 0.155 0.245 0.499 
0.000 0.000 0.000 0.000 0.000 0.005 0.038 0.108 0.219 0.630 
0.000 0.000 0.000 0.000 0.000 0.000 0.012 0.061 0.172 0.755 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.021 0.109 0.870 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.037 0.963 




Table A37. Transition Probability Matrix for the Seventeenth Year - Streets 
P17 
0.000 0.000 0.000 0.000 0.013 0.061 0.138 0.200 0.245 0.342 
0.000 0.000 0.000 0.000 0.012 0.059 0.136 0.199 0.246 0.348 
0.000 0.000 0.000 0.000 0.008 0.046 0.118 0.187 0.248 0.393 
0.000 0.000 0.000 0.000 0.004 0.029 0.090 0.164 0.245 0.469 
0.000 0.000 0.000 0.000 0.002 0.016 0.064 0.137 0.233 0.549 
0.000 0.000 0.000 0.000 0.000 0.004 0.030 0.092 0.201 0.673 
0.000 0.000 0.000 0.000 0.000 0.000 0.009 0.050 0.153 0.788 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.016 0.093 0.891 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.030 0.970 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 
Table A38. Transition Probability Matrix for the Eighteenth Year - Streets 
P18 
0.000 0.000 0.000 0.000 0.009 0.047 0.119 0.186 0.246 0.393 
0.000 0.000 0.000 0.000 0.008 0.046 0.116 0.184 0.246 0.399 
0.000 0.000 0.000 0.000 0.006 0.035 0.100 0.171 0.244 0.444 
0.000 0.000 0.000 0.000 0.003 0.022 0.074 0.147 0.236 0.519 
0.000 0.000 0.000 0.000 0.001 0.012 0.052 0.120 0.220 0.595 
0.000 0.000 0.000 0.000 0.000 0.003 0.024 0.078 0.183 0.713 
0.000 0.000 0.000 0.000 0.000 0.000 0.007 0.041 0.134 0.818 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.013 0.078 0.909 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.025 0.975 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 
Table A39. Transition Probability Matrix for the Nineteenth Year - Streets 
P19 
0.000 0.000 0.000 0.000 0.006 0.036 0.101 0.171 0.243 0.444 
0.000 0.000 0.000 0.000 0.006 0.035 0.098 0.169 0.242 0.450 
0.000 0.000 0.000 0.000 0.004 0.027 0.084 0.155 0.237 0.494 
0.000 0.000 0.000 0.000 0.002 0.016 0.061 0.130 0.224 0.566 
0.000 0.000 0.000 0.000 0.001 0.009 0.042 0.104 0.205 0.639 
0.000 0.000 0.000 0.000 0.000 0.002 0.018 0.066 0.165 0.749 
0.000 0.000 0.000 0.000 0.000 0.000 0.005 0.034 0.118 0.844 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.010 0.066 0.924 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.020 0.980 




Table A40. Transition Probability Matrix for the Twentieth Year - Streets 
P20 
0.000 0.000 0.000 0.000 0.004 0.028 0.084 0.154 0.236 0.493 
0.000 0.000 0.000 0.000 0.004 0.027 0.082 0.153 0.235 0.499 
0.000 0.000 0.000 0.000 0.003 0.021 0.069 0.138 0.227 0.542 
0.000 0.000 0.000 0.000 0.001 0.012 0.050 0.114 0.211 0.611 
0.000 0.000 0.000 0.000 0.001 0.007 0.034 0.090 0.189 0.680 
0.000 0.000 0.000 0.000 0.000 0.001 0.014 0.055 0.148 0.781 
0.000 0.000 0.000 0.000 0.000 0.000 0.004 0.027 0.102 0.866 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.008 0.056 0.936 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.016 0.984 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A41. Transition Probability Matrix for the First Year - Roads 
P 
0.012 0.355 0.473 0.095 0.018 0.018 0.000 0.030 0.000 0.000 
0.000 0.127 0.647 0.186 0.039 0.000 0.000 0.000 0.000 0.000 
0.000 0.000 0.468 0.405 0.107 0.014 0.006 0.000 0.000 0.000 
0.000 0.000 0.000 0.504 0.371 0.097 0.023 0.003 0.002 0.000 
0.000 0.000 0.000 0.000 0.578 0.303 0.094 0.026 0.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.673 0.196 0.079 0.051 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.722 0.228 0.051 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.588 0.294 0.118 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A42. Transition Probability Matrix for the Second Year - Roads 
P2 
0.000 0.049 0.457 0.307 0.110 0.033 0.010 0.020 0.010 0.003 
0.000 0.016 0.385 0.380 0.166 0.039 0.012 0.002 0.000 0.000 
0.000 0.000 0.219 0.394 0.262 0.088 0.029 0.007 0.002 0.000 
0.000 0.000 0.000 0.254 0.401 0.227 0.081 0.026 0.010 0.000 
0.000 0.000 0.000 0.000 0.334 0.379 0.181 0.075 0.028 0.003 
0.000 0.000 0.000 0.000 0.000 0.453 0.274 0.145 0.119 0.009 
0.000 0.000 0.000 0.000 0.000 0.000 0.521 0.298 0.154 0.027 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.346 0.467 0.187 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 






Table A43. Transition Probability Matrix for the Third Year - Roads 
P3 
0.000 0.006 0.246 0.349 0.228 0.092 0.034 0.021 0.018 0.006 
0.000 0.002 0.191 0.350 0.279 0.119 0.043 0.012 0.004 0.000 
0.000 0.000 0.103 0.287 0.321 0.180 0.073 0.026 0.010 0.001 
0.000 0.000 0.000 0.128 0.326 0.299 0.147 0.063 0.034 0.003 
0.000 0.000 0.000 0.000 0.193 0.356 0.236 0.124 0.079 0.012 
0.000 0.000 0.000 0.000 0.000 0.305 0.286 0.184 0.199 0.026 
0.000 0.000 0.000 0.000 0.000 0.000 0.376 0.294 0.268 0.062 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.204 0.569 0.228 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A44. Transition Probability Matrix for the Fourth Year - Roads 
P4 
0.000 0.001 0.119 0.277 0.288 0.168 0.073 0.034 0.031 0.008 
0.000 0.000 0.091 0.254 0.312 0.201 0.089 0.035 0.017 0.002 
0.000 0.000 0.048 0.186 0.303 0.247 0.125 0.055 0.031 0.004 
0.000 0.000 0.000 0.065 0.236 0.312 0.198 0.103 0.075 0.011 
0.000 0.000 0.000 0.000 0.111 0.298 0.259 0.160 0.145 0.026 
0.000 0.000 0.000 0.000 0.000 0.205 0.266 0.197 0.283 0.048 
0.000 0.000 0.000 0.000 0.000 0.000 0.271 0.259 0.374 0.097 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.120 0.629 0.252 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A45. Transition Probability Matrix for the Fifth Year - Roads 
P5 
0.000 0.000 0.056 0.188 0.282 0.229 0.120 0.058 0.054 0.012 
0.000 0.000 0.043 0.165 0.284 0.255 0.139 0.066 0.042 0.006 
0.000 0.000 0.023 0.113 0.249 0.277 0.172 0.089 0.067 0.010 
0.000 0.000 0.000 0.033 0.160 0.288 0.228 0.137 0.132 0.023 
0.000 0.000 0.000 0.000 0.064 0.234 0.255 0.180 0.221 0.045 
0.000 0.000 0.000 0.000 0.000 0.138 0.232 0.193 0.365 0.071 
0.000 0.000 0.000 0.000 0.000 0.000 0.196 0.214 0.464 0.127 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.070 0.664 0.266 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 






Table A46. Transition Probability Matrix for the Sixth Year - Roads 
P6 
0.000 0.000 0.026 0.118 0.239 0.258 0.162 0.088 0.090 0.019 
0.000 0.000 0.020 0.101 0.230 0.275 0.181 0.098 0.082 0.013 
0.000 0.000 0.011 0.066 0.189 0.273 0.204 0.120 0.116 0.021 
0.000 0.000 0.000 0.016 0.105 0.245 0.237 0.159 0.198 0.039 
0.000 0.000 0.000 0.000 0.037 0.177 0.236 0.184 0.299 0.066 
0.000 0.000 0.000 0.000 0.000 0.093 0.195 0.178 0.441 0.094 
0.000 0.000 0.000 0.000 0.000 0.000 0.141 0.170 0.536 0.152 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.041 0.685 0.274 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A47. Transition Probability Matrix for the Seventh Year - Roads 
P7 
0.000 0.000 0.012 0.070 0.184 0.258 0.193 0.116 0.137 0.029 
0.000 0.000 0.009 0.059 0.172 0.264 0.209 0.127 0.134 0.025 
0.000 0.000 0.005 0.038 0.135 0.248 0.220 0.144 0.176 0.035 
0.000 0.000 0.000 0.008 0.067 0.198 0.229 0.170 0.270 0.058 
0.000 0.000 0.000 0.000 0.022 0.130 0.209 0.177 0.374 0.088 
0.000 0.000 0.000 0.000 0.000 0.062 0.159 0.156 0.508 0.115 
0.000 0.000 0.000 0.000 0.000 0.000 0.102 0.132 0.594 0.172 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.024 0.697 0.279 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A48. Transition Probability Matrix for the Eighth Year - Roads 
P8 
0.000 0.000 0.006 0.040 0.134 0.236 0.209 0.137 0.194 0.043 
0.000 0.000 0.004 0.033 0.122 0.236 0.220 0.148 0.196 0.040 
0.000 0.000 0.002 0.021 0.092 0.211 0.221 0.158 0.242 0.052 
0.000 0.000 0.000 0.004 0.042 0.155 0.211 0.170 0.342 0.078 
0.000 0.000 0.000 0.000 0.012 0.094 0.178 0.163 0.443 0.109 
0.000 0.000 0.000 0.000 0.000 0.042 0.127 0.133 0.565 0.133 
0.000 0.000 0.000 0.000 0.000 0.000 0.073 0.101 0.638 0.188 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.014 0.704 0.282 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 






Table A49. Transition Probability Matrix for the Ninth Year - Roads 
P9 
0.000 0.000 0.003 0.023 0.093 0.204 0.211 0.151 0.258 0.059 
0.000 0.000 0.002 0.019 0.084 0.199 0.217 0.159 0.263 0.057 
0.000 0.000 0.001 0.012 0.061 0.172 0.210 0.163 0.311 0.070 
0.000 0.000 0.000 0.002 0.026 0.117 0.186 0.161 0.410 0.098 
0.000 0.000 0.000 0.000 0.007 0.067 0.148 0.144 0.505 0.128 
0.000 0.000 0.000 0.000 0.000 0.028 0.100 0.110 0.613 0.149 
0.000 0.000 0.000 0.000 0.000 0.000 0.053 0.076 0.671 0.200 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.008 0.708 0.283 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A50. Transition Probability Matrix for the Tenth Year - Roads 
P10 
0.000 0.000 0.001 0.013 0.062 0.167 0.201 0.155 0.323 0.077 
0.000 0.000 0.001 0.010 0.055 0.161 0.204 0.161 0.331 0.076 
0.000 0.000 0.001 0.006 0.040 0.136 0.191 0.159 0.378 0.090 
0.000 0.000 0.000 0.001 0.016 0.087 0.160 0.147 0.473 0.117 
0.000 0.000 0.000 0.000 0.004 0.047 0.121 0.124 0.558 0.145 
0.000 0.000 0.000 0.000 0.000 0.019 0.078 0.090 0.652 0.162 
0.000 0.000 0.000 0.000 0.000 0.000 0.038 0.057 0.696 0.209 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.005 0.711 0.284 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A51. Transition Probability Matrix for the Eleventh Year - Roads 
P11 
0.000 0.000 0.001 0.007 0.041 0.133 0.184 0.152 0.388 0.095 
0.000 0.000 0.000 0.006 0.036 0.126 0.184 0.156 0.397 0.095 
0.000 0.000 0.000 0.003 0.025 0.104 0.169 0.149 0.442 0.108 
0.000 0.000 0.000 0.001 0.009 0.063 0.134 0.130 0.529 0.134 
0.000 0.000 0.000 0.000 0.002 0.033 0.097 0.104 0.603 0.160 
0.000 0.000 0.000 0.000 0.000 0.013 0.060 0.072 0.683 0.172 
0.000 0.000 0.000 0.000 0.000 0.000 0.028 0.042 0.715 0.215 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.003 0.712 0.285 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 






Table A52. Transition Probability Matrix for the Twelfth Year - Roads 
P12 
0.000 0.000 0.000 0.004 0.026 0.102 0.163 0.143 0.448 0.113 
0.000 0.000 0.000 0.003 0.023 0.096 0.161 0.144 0.458 0.113 
0.000 0.000 0.000 0.002 0.016 0.078 0.144 0.135 0.499 0.126 
0.000 0.000 0.000 0.000 0.006 0.045 0.110 0.112 0.577 0.149 
0.000 0.000 0.000 0.000 0.001 0.023 0.077 0.086 0.641 0.172 
0.000 0.000 0.000 0.000 0.000 0.009 0.046 0.057 0.708 0.181 
0.000 0.000 0.000 0.000 0.000 0.000 0.020 0.031 0.729 0.220 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.713 0.285 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A53. Transition Probability Matrix for the Thirteenth Year - Roads 
P13 
0.000 0.000 0.000 0.002 0.017 0.077 0.140 0.130 0.504 0.130 
0.000 0.000 0.000 0.002 0.014 0.072 0.137 0.130 0.514 0.130 
0.000 0.000 0.000 0.001 0.010 0.057 0.121 0.119 0.550 0.142 
0.000 0.000 0.000 0.000 0.003 0.032 0.089 0.095 0.618 0.163 
0.000 0.000 0.000 0.000 0.001 0.016 0.060 0.070 0.671 0.182 
0.000 0.000 0.000 0.000 0.000 0.006 0.035 0.045 0.727 0.188 
0.000 0.000 0.000 0.000 0.000 0.000 0.014 0.023 0.739 0.224 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.714 0.285 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A54. Transition Probability Matrix for the Fourteenth Year -Roads 
P14 
0.000 0.000 0.000 0.001 0.010 0.057 0.118 0.115 0.553 0.145 
0.000 0.000 0.000 0.001 0.009 0.053 0.115 0.114 0.563 0.146 
0.000 0.000 0.000 0.000 0.006 0.042 0.100 0.102 0.594 0.156 
0.000 0.000 0.000 0.000 0.002 0.023 0.071 0.079 0.652 0.174 
0.000 0.000 0.000 0.000 0.000 0.011 0.046 0.056 0.696 0.190 
0.000 0.000 0.000 0.000 0.000 0.004 0.026 0.035 0.743 0.193 
0.000 0.000 0.000 0.000 0.000 0.000 0.010 0.017 0.746 0.227 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.714 0.286 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 






Table A55. Transition Probability Matrix for the Fifteenth Year - Roads 
P15 
0.000 0.000 0.000 0.001 0.006 0.042 0.097 0.099 0.596 0.159 
0.000 0.000 0.000 0.000 0.005 0.038 0.094 0.098 0.605 0.159 
0.000 0.000 0.000 0.000 0.004 0.030 0.081 0.086 0.631 0.168 
0.000 0.000 0.000 0.000 0.001 0.016 0.056 0.064 0.680 0.183 
0.000 0.000 0.000 0.000 0.000 0.008 0.036 0.044 0.715 0.197 
0.000 0.000 0.000 0.000 0.000 0.003 0.020 0.027 0.754 0.197 
0.000 0.000 0.000 0.000 0.000 0.000 0.007 0.012 0.752 0.229 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.714 0.286 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A56. Transition Probability Matrix for the Sixteenth Year - Roads 
P16 
0.000 0.000 0.000 0.000 0.004 0.030 0.079 0.084 0.632 0.170 
0.000 0.000 0.000 0.000 0.003 0.028 0.076 0.082 0.640 0.171 
0.000 0.000 0.000 0.000 0.002 0.021 0.064 0.072 0.662 0.178 
0.000 0.000 0.000 0.000 0.001 0.011 0.043 0.052 0.703 0.191 
0.000 0.000 0.000 0.000 0.000 0.005 0.027 0.035 0.730 0.202 
0.000 0.000 0.000 0.000 0.000 0.002 0.015 0.020 0.763 0.200 
0.000 0.000 0.000 0.000 0.000 0.000 0.005 0.009 0.756 0.230 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.714 0.286 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A57. Transition Probability Matrix for the Seventeenth Year - Roads 
P17 
0.000 0.000 0.000 0.000 0.002 0.021 0.063 0.070 0.663 0.180 
0.000 0.000 0.000 0.000 0.002 0.020 0.060 0.068 0.670 0.180 
0.000 0.000 0.000 0.000 0.001 0.015 0.051 0.059 0.688 0.186 
0.000 0.000 0.000 0.000 0.000 0.008 0.034 0.041 0.720 0.197 
0.000 0.000 0.000 0.000 0.000 0.004 0.021 0.027 0.742 0.206 
0.000 0.000 0.000 0.000 0.000 0.001 0.011 0.015 0.770 0.202 
0.000 0.000 0.000 0.000 0.000 0.000 0.004 0.006 0.759 0.231 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.714 0.286 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 






Table A58. Transition Probability Matrix for the Eighteenth Year - Roads 
P18 
0.000 0.000 0.000 0.000 0.001 0.015 0.050 0.057 0.687 0.189 
0.000 0.000 0.000 0.000 0.001 0.014 0.048 0.055 0.694 0.188 
0.000 0.000 0.000 0.000 0.001 0.011 0.040 0.047 0.708 0.193 
0.000 0.000 0.000 0.000 0.000 0.005 0.026 0.033 0.735 0.202 
0.000 0.000 0.000 0.000 0.000 0.002 0.016 0.021 0.752 0.209 
0.000 0.000 0.000 0.000 0.000 0.001 0.008 0.012 0.775 0.204 
0.000 0.000 0.000 0.000 0.000 0.000 0.003 0.005 0.761 0.232 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.714 0.286 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A59. Transition Probability Matrix for the Nineteenth Year - Roads 
P19 
0.000 0.000 0.000 0.000 0.001 0.011 0.039 0.046 0.708 0.195 
0.000 0.000 0.000 0.000 0.001 0.010 0.037 0.045 0.713 0.195 
0.000 0.000 0.000 0.000 0.000 0.007 0.031 0.038 0.725 0.199 
0.000 0.000 0.000 0.000 0.000 0.004 0.020 0.025 0.746 0.205 
0.000 0.000 0.000 0.000 0.000 0.002 0.012 0.016 0.759 0.212 
0.000 0.000 0.000 0.000 0.000 0.001 0.006 0.009 0.779 0.206 
0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.003 0.762 0.232 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.714 0.286 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A60. Transition Probability Matrix for the Twentieth Year - Roads 
P20 
0.000 0.000 0.000 0.000 0.001 0.007 0.030 0.037 0.724 0.201 
0.000 0.000 0.000 0.000 0.000 0.007 0.029 0.035 0.729 0.200 
0.000 0.000 0.000 0.000 0.000 0.005 0.024 0.030 0.738 0.203 
0.000 0.000 0.000 0.000 0.000 0.002 0.015 0.020 0.754 0.208 
0.000 0.000 0.000 0.000 0.000 0.001 0.009 0.012 0.764 0.214 
0.000 0.000 0.000 0.000 0.000 0.000 0.004 0.007 0.782 0.207 
0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.002 0.763 0.233 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.714 0.286 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 





Table A61. Transition Probability Matrix for the First Year - Type 3 Pavements 
P 
0.004 0.326 0.475 0.114 0.042 0.015 0.017 0.006 0.000 0.000 
0.000 0.190 0.653 0.113 0.040 0.005 0.000 0.000 0.000 0.000 
0.000 0.000 0.461 0.386 0.118 0.030 0.005 0.001 0.000 0.000 
0.000 0.000 0.000 0.523 0.371 0.087 0.018 0.001 0.000 0.000 
0.000 0.000 0.000 0.000 0.670 0.257 0.061 0.011 0.000 0.001 
0.000 0.000 0.000 0.000 0.000 0.694 0.218 0.071 0.016 0.001 
0.000 0.000 0.000 0.000 0.000 0.000 0.726 0.233 0.042 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.761 0.216 0.023 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.917 0.083 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
           
Table A62. Transition Probability Matrix for the Second Year - Type 3 Pavements 
P2 
0.000 0.063 0.434 0.280 0.140 0.047 0.023 0.011 0.002 0.000 
0.000 0.036 0.425 0.332 0.153 0.044 0.009 0.002 0.000 0.000 
0.000 0.000 0.212 0.380 0.277 0.098 0.026 0.006 0.001 0.000 
0.000 0.000 0.000 0.274 0.442 0.201 0.064 0.016 0.003 0.000 
0.000 0.000 0.000 0.000 0.449 0.350 0.141 0.048 0.010 0.002 
0.000 0.000 0.000 0.000 0.000 0.481 0.309 0.154 0.051 0.005 
0.000 0.000 0.000 0.000 0.000 0.000 0.527 0.346 0.119 0.009 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.580 0.362 0.058 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.840 0.160 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
           
 
Table A63. Transition Probability Matrix for the Third Year - Type 3 Pavements 
P3 
0.000 0.012 0.241 0.321 0.251 0.106 0.043 0.019 0.006 0.001 
0.000 0.007 0.219 0.342 0.277 0.111 0.033 0.009 0.002 0.000 
0.000 0.000 0.098 0.281 0.351 0.178 0.065 0.021 0.005 0.001 
0.000 0.000 0.000 0.143 0.398 0.276 0.122 0.046 0.013 0.002 
0.000 0.000 0.000 0.000 0.301 0.358 0.206 0.099 0.031 0.005 
0.000 0.000 0.000 0.000 0.000 0.334 0.329 0.224 0.101 0.013 
0.000 0.000 0.000 0.000 0.000 0.000 0.382 0.386 0.205 0.027 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.441 0.457 0.101 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.770 0.230 





Table A64. Transition Probability Matrix for the Fourth Year - Type 3 Pavements 
P4 
0.000 0.002 0.119 0.262 0.316 0.173 0.076 0.035 0.014 0.002 
0.000 0.001 0.105 0.264 0.339 0.185 0.072 0.026 0.007 0.001 
0.000 0.000 0.045 0.184 0.351 0.241 0.113 0.048 0.015 0.002 
0.000 0.000 0.000 0.075 0.320 0.306 0.176 0.088 0.031 0.004 
0.000 0.000 0.000 0.000 0.202 0.326 0.246 0.152 0.064 0.010 
0.000 0.000 0.000 0.000 0.000 0.231 0.311 0.271 0.160 0.027 
0.000 0.000 0.000 0.000 0.000 0.000 0.277 0.383 0.288 0.052 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.336 0.514 0.150 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.706 0.294 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A65. Transition Probability Matrix for the Fifth Year - Type 3 Pavements 
P5 
0.000 0.000 0.056 0.183 0.323 0.228 0.118 0.061 0.026 0.004 
0.000 0.000 0.049 0.179 0.337 0.241 0.119 0.054 0.018 0.003 
0.000 0.000 0.021 0.114 0.309 0.275 0.159 0.084 0.033 0.005 
0.000 0.000 0.000 0.039 0.242 0.301 0.215 0.133 0.060 0.010 
0.000 0.000 0.000 0.000 0.135 0.278 0.262 0.198 0.107 0.019 
0.000 0.000 0.000 0.000 0.000 0.160 0.276 0.295 0.222 0.047 
0.000 0.000 0.000 0.000 0.000 0.000 0.201 0.356 0.358 0.085 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.256 0.544 0.200 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.647 0.353 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A66. Transition Probability Matrix for the Sixth Year - Type 3 Pavements 
P6 
0.000 0.000 0.026 0.118 0.291 0.258 0.158 0.094 0.046 0.009 
0.000 0.000 0.023 0.113 0.298 0.271 0.163 0.090 0.037 0.006 
0.000 0.000 0.010 0.068 0.252 0.280 0.196 0.124 0.060 0.010 
0.000 0.000 0.000 0.020 0.177 0.274 0.237 0.175 0.098 0.018 
0.000 0.000 0.000 0.000 0.091 0.227 0.259 0.233 0.157 0.033 
0.000 0.000 0.000 0.000 0.000 0.111 0.235 0.300 0.281 0.072 
0.000 0.000 0.000 0.000 0.000 0.000 0.146 0.318 0.413 0.123 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.195 0.554 0.251 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.593 0.407 






Table A67. Transition Probability Matrix for the Seventh Year - Type 3 Pavements 
P7 
0.000 0.000 0.012 0.072 0.242 0.265 0.191 0.130 0.073 0.015 
0.000 0.000 0.011 0.068 0.244 0.275 0.197 0.129 0.065 0.012 
0.000 0.000 0.004 0.039 0.195 0.265 0.220 0.163 0.095 0.019 
0.000 0.000 0.000 0.011 0.126 0.237 0.243 0.210 0.142 0.031 
0.000 0.000 0.000 0.000 0.061 0.181 0.243 0.255 0.209 0.052 
0.000 0.000 0.000 0.000 0.000 0.077 0.195 0.291 0.334 0.103 
0.000 0.000 0.000 0.000 0.000 0.000 0.106 0.276 0.453 0.165 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.148 0.550 0.302 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.544 0.456 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A68. Transition Probability Matrix for the Eighth Year - Type 3 Pavements 
P8 
0.000 0.000 0.006 0.042 0.190 0.252 0.213 0.165 0.108 0.025 
0.000 0.000 0.005 0.040 0.190 0.259 0.219 0.166 0.100 0.020 
0.000 0.000 0.002 0.022 0.146 0.237 0.230 0.196 0.136 0.031 
0.000 0.000 0.000 0.006 0.088 0.198 0.236 0.235 0.190 0.048 
0.000 0.000 0.000 0.000 0.041 0.141 0.219 0.264 0.259 0.076 
0.000 0.000 0.000 0.000 0.000 0.054 0.158 0.273 0.378 0.137 
0.000 0.000 0.000 0.000 0.000 0.000 0.077 0.235 0.480 0.209 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.113 0.536 0.351 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.499 0.501 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A69. Transition Probability Matrix for the Ninth Year -Type 3 Pavements 
P9 
0.000 0.000 0.003 0.024 0.144 0.228 0.222 0.195 0.147 0.038 
0.000 0.000 0.002 0.023 0.143 0.232 0.228 0.198 0.141 0.033 
0.000 0.000 0.001 0.012 0.106 0.204 0.228 0.222 0.180 0.047 
0.000 0.000 0.000 0.003 0.061 0.160 0.220 0.249 0.238 0.069 
0.000 0.000 0.000 0.000 0.027 0.108 0.192 0.263 0.306 0.103 
0.000 0.000 0.000 0.000 0.000 0.037 0.127 0.248 0.413 0.175 
0.000 0.000 0.000 0.000 0.000 0.000 0.056 0.197 0.494 0.254 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.086 0.516 0.398 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.457 0.543 






Table A70. Transition Probability Matrix for the Tenth Year - Type 3 Pavements 
P10 
0.000 0.000 0.001 0.014 0.106 0.197 0.220 0.218 0.190 0.055 
0.000 0.000 0.001 0.013 0.104 0.200 0.225 0.222 0.186 0.050 
0.000 0.000 0.000 0.007 0.076 0.170 0.217 0.237 0.226 0.067 
0.000 0.000 0.000 0.002 0.042 0.127 0.198 0.253 0.283 0.095 
0.000 0.000 0.000 0.000 0.018 0.082 0.165 0.253 0.347 0.135 
0.000 0.000 0.000 0.000 0.000 0.026 0.100 0.221 0.438 0.215 
0.000 0.000 0.000 0.000 0.000 0.000 0.041 0.163 0.497 0.300 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.065 0.491 0.443 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.419 0.581 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A71. Transition Probability Matrix for the Eleventh Year - Type 3 Pavements 
P11 
0.000 0.000 0.001 0.008 0.076 0.165 0.209 0.232 0.234 0.076 
0.000 0.000 0.000 0.007 0.075 0.166 0.213 0.237 0.231 0.071 
0.000 0.000 0.000 0.004 0.053 0.138 0.199 0.244 0.270 0.092 
0.000 0.000 0.000 0.001 0.029 0.099 0.174 0.248 0.325 0.124 
0.000 0.000 0.000 0.000 0.012 0.062 0.139 0.237 0.381 0.170 
0.000 0.000 0.000 0.000 0.000 0.018 0.078 0.193 0.454 0.257 
0.000 0.000 0.000 0.000 0.000 0.000 0.029 0.133 0.493 0.345 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.050 0.465 0.486 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.384 0.616 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A72. Transition Probability Matrix for the Twelfth Year - Type 3 Pavements 
P12 
0.000 0.000 0.000 0.004 0.054 0.135 0.192 0.238 0.276 0.101 
0.000 0.000 0.000 0.004 0.053 0.135 0.196 0.243 0.274 0.095 
0.000 0.000 0.000 0.002 0.037 0.110 0.178 0.242 0.311 0.120 
0.000 0.000 0.000 0.000 0.020 0.076 0.150 0.237 0.360 0.157 
0.000 0.000 0.000 0.000 0.008 0.046 0.115 0.217 0.407 0.207 
0.000 0.000 0.000 0.000 0.000 0.012 0.061 0.167 0.462 0.299 
0.000 0.000 0.000 0.000 0.000 0.000 0.021 0.108 0.482 0.389 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.038 0.437 0.525 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.352 0.648 






Table A73. Transition Probability Matrix for the Thirteenth Year - Type 3 Pavements 
P13 
0.000 0.000 0.000 0.002 0.038 0.108 0.172 0.236 0.315 0.130 
0.000 0.000 0.000 0.002 0.037 0.108 0.175 0.240 0.314 0.124 
0.000 0.000 0.000 0.001 0.026 0.086 0.155 0.234 0.347 0.152 
0.000 0.000 0.000 0.000 0.013 0.058 0.126 0.221 0.389 0.193 
0.000 0.000 0.000 0.000 0.006 0.034 0.094 0.195 0.426 0.246 
0.000 0.000 0.000 0.000 0.000 0.009 0.047 0.142 0.462 0.341 
0.000 0.000 0.000 0.000 0.000 0.000 0.015 0.087 0.466 0.431 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.029 0.408 0.563 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.323 0.677 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 
Table A74. Transition Probability Matrix for the Fourteenth Year - Type 3 Pavements 
 
P14 
0.000 0.000 0.000 0.001 0.026 0.084 0.151 0.228 0.348 0.161 
0.000 0.000 0.000 0.001 0.025 0.084 0.153 0.232 0.349 0.156 
0.000 0.000 0.000 0.001 0.018 0.066 0.133 0.221 0.376 0.186 
0.000 0.000 0.000 0.000 0.009 0.044 0.105 0.202 0.410 0.230 
0.000 0.000 0.000 0.000 0.004 0.025 0.076 0.173 0.437 0.286 
0.000 0.000 0.000 0.000 0.000 0.006 0.036 0.119 0.456 0.383 
0.000 0.000 0.000 0.000 0.000 0.000 0.011 0.070 0.446 0.472 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.022 0.381 0.597 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.296 0.704 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
           
 
Table A75. Transition Probability Matrix for the Fifteenth Year - Type 3 Pavements 
 
P15 
0.000 0.000 0.000 0.001 0.018 0.065 0.129 0.215 0.376 0.196 
0.000 0.000 0.000 0.001 0.017 0.065 0.131 0.218 0.378 0.190 
0.000 0.000 0.000 0.000 0.012 0.050 0.112 0.204 0.399 0.222 
0.000 0.000 0.000 0.000 0.006 0.033 0.086 0.181 0.425 0.269 
0.000 0.000 0.000 0.000 0.002 0.018 0.061 0.151 0.441 0.326 
0.000 0.000 0.000 0.000 0.000 0.004 0.027 0.100 0.445 0.424 
0.000 0.000 0.000 0.000 0.000 0.000 0.008 0.056 0.425 0.511 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.017 0.354 0.630 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.271 0.729 







Table A76. Transition Probability Matrix for the Sixteenth Year - Type 3 Pavements 
 
P16 
0.000 0.000 0.000 0.000 0.012 0.050 0.109 0.199 0.398 0.232 
0.000 0.000 0.000 0.000 0.012 0.050 0.110 0.201 0.400 0.227 
0.000 0.000 0.000 0.000 0.008 0.038 0.093 0.185 0.415 0.260 
0.000 0.000 0.000 0.000 0.004 0.024 0.070 0.160 0.432 0.309 
0.000 0.000 0.000 0.000 0.002 0.013 0.048 0.130 0.440 0.366 
0.000 0.000 0.000 0.000 0.000 0.003 0.021 0.083 0.431 0.463 
0.000 0.000 0.000 0.000 0.000 0.000 0.006 0.045 0.402 0.548 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.013 0.328 0.659 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.249 0.751 




Table A77. Transition Probability Matrix for the Seventeenth Year - Type 3 Pavements 
P17 
0.000 0.000 0.000 0.000 0.008 0.038 0.091 0.180 0.413 0.270 
0.000 0.000 0.000 0.000 0.008 0.038 0.091 0.183 0.415 0.265 
0.000 0.000 0.000 0.000 0.006 0.029 0.076 0.165 0.425 0.299 
0.000 0.000 0.000 0.000 0.003 0.018 0.056 0.140 0.434 0.348 
0.000 0.000 0.000 0.000 0.001 0.010 0.038 0.111 0.434 0.406 
0.000 0.000 0.000 0.000 0.000 0.002 0.016 0.068 0.414 0.501 
0.000 0.000 0.000 0.000 0.000 0.000 0.004 0.035 0.378 0.582 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.010 0.303 0.687 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.228 0.772 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 
Table A78. Transition Probability Matrix for the Eighteenth Year - Type 3 Pavements 
P18 
0.000 0.000 0.000 0.000 0.006 0.028 0.075 0.161 0.422 0.308 
0.000 0.000 0.000 0.000 0.006 0.028 0.075 0.163 0.425 0.304 
0.000 0.000 0.000 0.000 0.004 0.021 0.062 0.146 0.429 0.338 
0.000 0.000 0.000 0.000 0.002 0.013 0.045 0.121 0.431 0.388 
0.000 0.000 0.000 0.000 0.001 0.007 0.030 0.094 0.423 0.445 
0.000 0.000 0.000 0.000 0.000 0.001 0.012 0.055 0.395 0.537 
0.000 0.000 0.000 0.000 0.000 0.000 0.003 0.028 0.355 0.614 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.007 0.280 0.713 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.209 0.791 







Table A79. Transition Probability Matrix for the Nineteenth Year - Type 3 Pavements 
P19 
0.000 0.000 0.000 0.000 0.004 0.021 0.061 0.142 0.425 0.347 
0.000 0.000 0.000 0.000 0.004 0.021 0.061 0.144 0.428 0.343 
0.000 0.000 0.000 0.000 0.003 0.016 0.050 0.127 0.428 0.378 
0.000 0.000 0.000 0.000 0.001 0.010 0.036 0.104 0.423 0.426 
0.000 0.000 0.000 0.000 0.000 0.005 0.023 0.079 0.410 0.482 
0.000 0.000 0.000 0.000 0.000 0.001 0.009 0.045 0.374 0.571 
0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.022 0.331 0.645 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.006 0.258 0.736 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.191 0.809 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 
Table A80. Transition Probability Matrix for the Twentieth Year - Type 3 Pavements 
P20 
0.000 0.000 0.000 0.000 0.003 0.016 0.049 0.124 0.423 0.386 
0.000 0.000 0.000 0.000 0.003 0.015 0.049 0.125 0.426 0.382 
0.000 0.000 0.000 0.000 0.002 0.012 0.040 0.109 0.422 0.416 
0.000 0.000 0.000 0.000 0.001 0.007 0.028 0.088 0.412 0.464 
0.000 0.000 0.000 0.000 0.000 0.004 0.018 0.066 0.394 0.518 
0.000 0.000 0.000 0.000 0.000 0.001 0.007 0.036 0.353 0.603 
0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.017 0.308 0.673 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.004 0.238 0.758 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.175 0.825 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A81. Transition Probability Matrix for the First Year - Type 4 Pavements 
P 
0.000 0.281 0.607 0.112 0.000 0.000 0.000 0.000 0.000 0.000 
0.000 0.375 0.521 0.083 0.021 0.000 0.000 0.000 0.000 0.000 
0.000 0.000 0.621 0.291 0.084 0.004 0.000 0.000 0.000 0.000 
0.000 0.000 0.000 0.574 0.297 0.074 0.034 0.014 0.007 0.000 
0.000 0.000 0.000 0.000 0.659 0.322 0.020 0.000 0.000 0.000 
0.000 0.000 0.000 0.000 0.000 0.680 0.275 0.040 0.005 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.565 0.376 0.059 0.000 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.333 0.524 0.143 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.750 0.250 





Table A82. Transition Probability Matrix for the Second Year - Type 4 Pavements 
P2 
0.000 0.105 0.523 0.264 0.090 0.011 0.004 0.002 0.001 0.000 
0.000 0.141 0.519 0.231 0.090 0.015 0.003 0.001 0.001 0.000 
0.000 0.000 0.386 0.348 0.194 0.054 0.013 0.004 0.002 0.000 
0.000 0.000 0.000 0.330 0.367 0.189 0.065 0.028 0.018 0.004 
0.000 0.000 0.000 0.000 0.434 0.431 0.112 0.020 0.003 0.000 
0.000 0.000 0.000 0.000 0.000 0.462 0.342 0.144 0.044 0.007 
0.000 0.000 0.000 0.000 0.000 0.000 0.319 0.338 0.275 0.068 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.111 0.567 0.321 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.563 0.438 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A83. Transition Probability Matrix for the Third Year - Type 4 Pavements 
P3 
0.000 0.040 0.380 0.313 0.184 0.058 0.016 0.006 0.003 0.000 
0.000 0.053 0.396 0.295 0.174 0.059 0.016 0.005 0.003 0.000 
0.000 0.000 0.240 0.312 0.263 0.127 0.038 0.013 0.007 0.001 
0.000 0.000 0.000 0.189 0.339 0.271 0.107 0.046 0.035 0.012 
0.000 0.000 0.000 0.000 0.286 0.433 0.190 0.066 0.021 0.004 
0.000 0.000 0.000 0.000 0.000 0.314 0.320 0.195 0.131 0.039 
0.000 0.000 0.000 0.000 0.000 0.000 0.180 0.233 0.402 0.185 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.037 0.484 0.479 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.422 0.578 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
Table A84. Transition Probability Matrix for the Fourth Year - Type 4 Pavements 
P4 
0.000 0.015 0.257 0.293 0.247 0.124 0.039 0.015 0.009 0.002 
0.000 0.020 0.273 0.289 0.237 0.120 0.038 0.014 0.008 0.002 
0.000 0.000 0.149 0.249 0.286 0.195 0.072 0.028 0.017 0.005 
0.000 0.000 0.000 0.109 0.280 0.308 0.148 0.069 0.059 0.028 
0.000 0.000 0.000 0.000 0.188 0.386 0.232 0.111 0.064 0.018 
0.000 0.000 0.000 0.000 0.000 0.214 0.267 0.198 0.221 0.099 
0.000 0.000 0.000 0.000 0.000 0.000 0.102 0.145 0.434 0.319 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.012 0.382 0.605 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.316 0.684 






Table A85. Transition Probability Matrix for the Fifth Year - Type 4 Pavements 
P5 
0.000 0.006 0.167 0.244 0.271 0.187 0.071 0.029 0.019 0.006 
0.000 0.007 0.180 0.247 0.265 0.180 0.069 0.028 0.018 0.006 
0.000 0.000 0.092 0.186 0.275 0.244 0.108 0.047 0.034 0.013 
0.000 0.000 0.000 0.062 0.217 0.307 0.177 0.092 0.092 0.052 
0.000 0.000 0.000 0.000 0.124 0.323 0.241 0.140 0.122 0.050 
0.000 0.000 0.000 0.000 0.000 0.145 0.210 0.175 0.287 0.183 
0.000 0.000 0.000 0.000 0.000 0.000 0.057 0.087 0.407 0.448 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.004 0.293 0.703 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.237 0.763 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A86. Transition Probability Matrix for the Sixth Year - Type 4 Pavements 
P6 
0.000 0.002 0.107 0.189 0.265 0.233 0.105 0.047 0.036 0.015 
0.000 0.003 0.116 0.195 0.263 0.227 0.102 0.046 0.035 0.014 
0.000 0.000 0.057 0.134 0.244 0.269 0.140 0.069 0.059 0.028 
0.000 0.000 0.000 0.036 0.161 0.283 0.191 0.111 0.129 0.088 
0.000 0.000 0.000 0.000 0.082 0.260 0.227 0.150 0.180 0.101 
0.000 0.000 0.000 0.000 0.000 0.099 0.158 0.143 0.320 0.280 
0.000 0.000 0.000 0.000 0.000 0.000 0.032 0.051 0.354 0.563 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.222 0.777 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.178 0.822 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A87. Transition Probability Matrix for the Seventh Year - Type 4 Pavements 
P7 
0.000 0.001 0.067 0.140 0.240 0.259 0.135 0.067 0.060 0.031 
0.000 0.001 0.073 0.146 0.241 0.254 0.132 0.065 0.059 0.030 
0.000 0.000 0.036 0.094 0.205 0.271 0.162 0.088 0.091 0.053 
0.000 0.000 0.000 0.021 0.117 0.247 0.190 0.121 0.168 0.137 
0.000 0.000 0.000 0.000 0.054 0.203 0.201 0.146 0.229 0.167 
0.000 0.000 0.000 0.000 0.000 0.067 0.117 0.111 0.325 0.380 
0.000 0.000 0.000 0.000 0.000 0.000 0.018 0.029 0.294 0.658 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.167 0.832 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.133 0.867 






Table A88. Transition Probability Matrix for the Eight Year - Type 4 Pavements 
P8 
0.000 0.000 0.042 0.100 0.205 0.264 0.157 0.085 0.091 0.056 
0.000 0.000 0.046 0.105 0.208 0.261 0.154 0.083 0.088 0.053 
0.000 0.000 0.022 0.064 0.166 0.258 0.173 0.103 0.126 0.088 
0.000 0.000 0.000 0.012 0.083 0.207 0.178 0.122 0.202 0.196 
0.000 0.000 0.000 0.000 0.035 0.155 0.171 0.133 0.261 0.245 
0.000 0.000 0.000 0.000 0.000 0.046 0.084 0.084 0.309 0.477 
0.000 0.000 0.000 0.000 0.000 0.000 0.010 0.017 0.237 0.736 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.126 0.874 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.100 0.900 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A89. Transition Probability Matrix for the Ninth Year - Type 4 Pavements 
P9 
0.000 0.000 0.026 0.070 0.168 0.253 0.168 0.099 0.124 0.091 
0.000 0.000 0.029 0.074 0.172 0.253 0.166 0.098 0.121 0.087 
0.000 0.000 0.014 0.043 0.130 0.234 0.174 0.111 0.160 0.134 
0.000 0.000 0.000 0.007 0.058 0.169 0.160 0.116 0.227 0.264 
0.000 0.000 0.000 0.000 0.023 0.117 0.140 0.115 0.276 0.330 
0.000 0.000 0.000 0.000 0.000 0.031 0.060 0.062 0.281 0.566 
0.000 0.000 0.000 0.000 0.000 0.000 0.006 0.009 0.187 0.798 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.094 0.906 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.075 0.925 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A90. Transition Probability Matrix for the Tenth Year - Type 4 Pavements 
P10 
0.000 0.000 0.016 0.048 0.134 0.232 0.170 0.108 0.157 0.136 
0.000 0.000 0.018 0.051 0.138 0.233 0.169 0.106 0.153 0.132 
0.000 0.000 0.009 0.029 0.100 0.204 0.167 0.112 0.190 0.190 
0.000 0.000 0.000 0.004 0.040 0.134 0.138 0.106 0.241 0.337 
0.000 0.000 0.000 0.000 0.015 0.087 0.111 0.095 0.276 0.415 
0.000 0.000 0.000 0.000 0.000 0.021 0.043 0.044 0.247 0.645 
0.000 0.000 0.000 0.000 0.000 0.000 0.003 0.005 0.146 0.846 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.071 0.929 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.056 0.944 





Table A91. Transition Probability Matrix for the Eleventh Year - Type 4 Pavements 
P11 
0.000 0.000 0.010 0.032 0.104 0.204 0.164 0.110 0.185 0.190 
0.000 0.000 0.011 0.034 0.107 0.207 0.164 0.109 0.182 0.185 
0.000 0.000 0.005 0.019 0.075 0.173 0.153 0.109 0.212 0.254 
0.000 0.000 0.000 0.002 0.028 0.104 0.116 0.093 0.245 0.412 
0.000 0.000 0.000 0.000 0.010 0.064 0.087 0.077 0.264 0.498 
0.000 0.000 0.000 0.000 0.000 0.014 0.030 0.032 0.211 0.713 
0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.003 0.112 0.883 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.053 0.947 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.042 0.958 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A92. Transition Probability Matrix for the Twelfth Year - Type 4 Pavements 
P12 
0.000 0.000 0.006 0.021 0.079 0.175 0.152 0.107 0.207 0.252 
0.000 0.000 0.007 0.023 0.082 0.178 0.153 0.107 0.205 0.246 
0.000 0.000 0.003 0.012 0.055 0.143 0.136 0.101 0.226 0.322 
0.000 0.000 0.000 0.001 0.019 0.080 0.095 0.079 0.240 0.487 
0.000 0.000 0.000 0.000 0.007 0.047 0.067 0.061 0.244 0.575 
0.000 0.000 0.000 0.000 0.000 0.010 0.021 0.022 0.177 0.771 
0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.002 0.086 0.911 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.040 0.960 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.032 0.968 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A93. Transition Probability Matrix for the Thirteenth Year - Type 4 Pavements 
P13 
0.000 0.000 0.004 0.014 0.059 0.146 0.136 0.100 0.222 0.319 
0.000 0.000 0.004 0.015 0.061 0.149 0.137 0.101 0.220 0.313 
0.000 0.000 0.002 0.008 0.041 0.116 0.118 0.091 0.231 0.393 
0.000 0.000 0.000 0.001 0.013 0.061 0.076 0.065 0.227 0.558 
0.000 0.000 0.000 0.000 0.004 0.034 0.051 0.047 0.219 0.644 
0.000 0.000 0.000 0.000 0.000 0.007 0.014 0.016 0.145 0.818 
0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.001 0.065 0.933 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.030 0.970 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.024 0.976 







Table A94. Transition Probability Matrix for the Fourteenth Year - Type 4 Pavements 
P14 
0.000 0.000 0.002 0.009 0.043 0.119 0.119 0.091 0.227 0.389 
0.000 0.000 0.003 0.010 0.045 0.122 0.120 0.091 0.226 0.382 
0.000 0.000 0.001 0.005 0.029 0.093 0.100 0.079 0.229 0.464 
0.000 0.000 0.000 0.000 0.009 0.045 0.060 0.053 0.209 0.624 
0.000 0.000 0.000 0.000 0.003 0.025 0.038 0.036 0.192 0.706 
0.000 0.000 0.000 0.000 0.000 0.005 0.010 0.011 0.118 0.856 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.050 0.950 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.022 0.978 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.018 0.982 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A95. Transition Probability Matrix for the Fifteenth Year - Type 4 Pavements 
P15 
0.000 0.000 0.002 0.006 0.031 0.096 0.101 0.080 0.226 0.459 
0.000 0.000 0.002 0.007 0.033 0.098 0.103 0.081 0.225 0.452 
0.000 0.000 0.001 0.003 0.021 0.073 0.082 0.068 0.219 0.532 
0.000 0.000 0.000 0.000 0.006 0.034 0.046 0.042 0.188 0.684 
0.000 0.000 0.000 0.000 0.002 0.018 0.028 0.027 0.166 0.759 
0.000 0.000 0.000 0.000 0.000 0.003 0.007 0.008 0.095 0.888 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.037 0.962 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.017 0.983 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.013 0.987 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A96. Transition Probability Matrix for the Sixteenth Year - Type 4 Pavements 
P16 
0.000 0.000 0.001 0.004 0.023 0.076 0.084 0.068 0.218 0.527 
0.000 0.000 0.001 0.004 0.024 0.078 0.086 0.070 0.218 0.519 
0.000 0.000 0.000 0.002 0.015 0.057 0.067 0.057 0.205 0.597 
0.000 0.000 0.000 0.000 0.004 0.025 0.036 0.033 0.166 0.737 
0.000 0.000 0.000 0.000 0.001 0.013 0.021 0.021 0.140 0.804 
0.000 0.000 0.000 0.000 0.000 0.002 0.005 0.005 0.076 0.912 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.028 0.971 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.013 0.987 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.010 0.990 







Table A97. Transition Probability Matrix for the Seventeenth Year - Type 4 Pavements 
P17 
0.000 0.000 0.001 0.003 0.016 0.059 0.069 0.058 0.204 0.591 
0.000 0.000 0.001 0.003 0.017 0.061 0.071 0.059 0.205 0.584 
0.000 0.000 0.000 0.001 0.010 0.043 0.054 0.046 0.188 0.656 
0.000 0.000 0.000 0.000 0.003 0.018 0.027 0.025 0.144 0.783 
0.000 0.000 0.000 0.000 0.001 0.009 0.015 0.015 0.117 0.842 
0.000 0.000 0.000 0.000 0.000 0.001 0.003 0.004 0.060 0.932 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.021 0.979 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.009 0.991 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.008 0.992 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A98. Transition Probability Matrix for the Eighteenth Year - Type 4 Pavements 
P18 
0.000 0.000 0.000 0.002 0.011 0.046 0.056 0.048 0.188 0.650 
0.000 0.000 0.000 0.002 0.012 0.047 0.057 0.049 0.189 0.644 
0.000 0.000 0.000 0.001 0.007 0.033 0.043 0.037 0.169 0.710 
0.000 0.000 0.000 0.000 0.002 0.013 0.020 0.019 0.123 0.823 
0.000 0.000 0.000 0.000 0.001 0.006 0.011 0.011 0.097 0.874 
0.000 0.000 0.000 0.000 0.000 0.001 0.002 0.002 0.047 0.947 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.016 0.984 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.007 0.993 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.006 0.994 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A99. Transition Probability Matrix for the Nineteenth Year - Type 4 Pavements 
P19 
0.000 0.000 0.000 0.001 0.008 0.035 0.044 0.039 0.169 0.704 
0.000 0.000 0.000 0.001 0.009 0.036 0.045 0.040 0.171 0.698 
0.000 0.000 0.000 0.001 0.005 0.025 0.033 0.030 0.149 0.757 
0.000 0.000 0.000 0.000 0.001 0.010 0.015 0.015 0.104 0.856 
0.000 0.000 0.000 0.000 0.000 0.004 0.008 0.008 0.079 0.900 
0.000 0.000 0.000 0.000 0.000 0.001 0.002 0.002 0.037 0.960 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.012 0.988 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.005 0.995 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.004 0.996 







Table A100. Transition Probability Matrix for the Twentieth Year - Type 4 Pavements 
P20 
0.000 0.000 0.000 0.001 0.006 0.026 0.035 0.031 0.150 0.752 
0.000 0.000 0.000 0.001 0.006 0.027 0.036 0.032 0.152 0.746 
0.000 0.000 0.000 0.000 0.004 0.019 0.026 0.023 0.129 0.799 
0.000 0.000 0.000 0.000 0.001 0.007 0.011 0.011 0.086 0.884 
0.000 0.000 0.000 0.000 0.000 0.003 0.006 0.006 0.064 0.921 
0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.001 0.028 0.969 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.009 0.991 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.004 0.996 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.003 0.997 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A101. Transition Probability Matrix for the First Year - Type 6 Pavements 
P 
0.035 0.279 0.534 0.079 0.046 0.020 0.004 0.003 0.000 0.000 
0.000 0.175 0.722 0.092 0.009 0.003 0.000 0.000 0.000 0.000 
0.000 0.000 0.469 0.380 0.128 0.018 0.004 0.001 0.000 0.000 
0.000 0.000 0.000 0.540 0.384 0.068 0.007 0.001 0.000 0.000 
0.000 0.000 0.000 0.000 0.668 0.268 0.052 0.011 0.001 0.000 
0.000 0.000 0.000 0.000 0.000 0.689 0.229 0.075 0.005 0.001 
0.000 0.000 0.000 0.000 0.000 0.000 0.675 0.270 0.053 0.002 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.773 0.206 0.021 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.867 0.133 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A102. Transition Probability Matrix for the Second Year - Type 6 Pavements 
P2 
0.001 0.058 0.470 0.274 0.134 0.043 0.012 0.006 0.001 0.000 
0.000 0.031 0.465 0.340 0.135 0.024 0.004 0.001 0.000 0.000 
0.000 0.000 0.220 0.383 0.291 0.081 0.018 0.005 0.001 0.000 
0.000 0.000 0.000 0.291 0.464 0.186 0.045 0.013 0.002 0.000 
0.000 0.000 0.000 0.000 0.446 0.364 0.132 0.050 0.008 0.001 
0.000 0.000 0.000 0.000 0.000 0.475 0.313 0.172 0.036 0.004 
0.000 0.000 0.000 0.000 0.000 0.000 0.456 0.391 0.137 0.016 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.598 0.337 0.065 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.751 0.249 






Table A103. Transition Probability Matrix for the Third Year - Type 6 Pavements 
P3 
0.000 0.011 0.263 0.332 0.255 0.093 0.029 0.013 0.003 0.000 
0.000 0.005 0.240 0.363 0.280 0.085 0.020 0.006 0.001 0.000 
0.000 0.000 0.103 0.290 0.370 0.164 0.050 0.019 0.004 0.000 
0.000 0.000 0.000 0.157 0.421 0.272 0.099 0.041 0.008 0.001 
0.000 0.000 0.000 0.000 0.298 0.370 0.196 0.107 0.026 0.003 
0.000 0.000 0.000 0.000 0.000 0.328 0.320 0.253 0.085 0.013 
0.000 0.000 0.000 0.000 0.000 0.000 0.308 0.425 0.224 0.044 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.462 0.415 0.123 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.651 0.349 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A104. Transition Probability Matrix for the Fourth Year - Type 6 Pavements 
P4 
0.000 0.002 0.131 0.280 0.332 0.160 0.058 0.029 0.008 0.001 
0.000 0.001 0.116 0.288 0.357 0.162 0.051 0.020 0.004 0.000 
0.000 0.000 0.048 0.196 0.372 0.234 0.093 0.045 0.011 0.001 
0.000 0.000 0.000 0.085 0.342 0.311 0.153 0.084 0.023 0.003 
0.000 0.000 0.000 0.000 0.199 0.335 0.233 0.167 0.057 0.010 
0.000 0.000 0.000 0.000 0.000 0.226 0.291 0.307 0.145 0.031 
0.000 0.000 0.000 0.000 0.000 0.000 0.208 0.411 0.298 0.083 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.357 0.455 0.188 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.564 0.436 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A105. Transition Probability Matrix for the Fifth Year - Type 6 Pavements 
P5 
0.000 0.000 0.063 0.201 0.346 0.220 0.095 0.054 0.017 0.003 
0.000 0.000 0.055 0.199 0.364 0.229 0.093 0.046 0.012 0.002 
0.000 0.000 0.023 0.124 0.330 0.275 0.138 0.082 0.025 0.004 
0.000 0.000 0.000 0.046 0.261 0.312 0.193 0.133 0.047 0.009 
0.000 0.000 0.000 0.000 0.133 0.284 0.244 0.219 0.098 0.022 
0.000 0.000 0.000 0.000 0.000 0.156 0.249 0.333 0.205 0.057 
0.000 0.000 0.000 0.000 0.000 0.000 0.140 0.374 0.354 0.132 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.276 0.468 0.256 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.489 0.511 





Table A106. Transition Probability Matrix for the Sixth Year Type 6 Pavements 
P6 
0.000 0.000 0.030 0.133 0.317 0.259 0.135 0.088 0.032 0.007 
0.000 0.000 0.026 0.129 0.327 0.270 0.136 0.082 0.026 0.004 
0.000 0.000 0.011 0.076 0.271 0.287 0.174 0.125 0.048 0.010 
0.000 0.000 0.000 0.025 0.192 0.288 0.216 0.182 0.080 0.018 
0.000 0.000 0.000 0.000 0.089 0.232 0.237 0.258 0.145 0.040 
0.000 0.000 0.000 0.000 0.000 0.107 0.204 0.336 0.260 0.093 
0.000 0.000 0.000 0.000 0.000 0.000 0.095 0.327 0.391 0.187 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.213 0.462 0.324 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.424 0.576 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 
Table A107. Transition Probability Matrix for the Seventh Year - Type 6 Pavements 
P7 
0.000 0.000 0.014 0.083 0.266 0.273 0.168 0.128 0.055 0.014 
0.000 0.000 0.012 0.079 0.271 0.283 0.172 0.124 0.048 0.010 
0.000 0.000 0.005 0.045 0.211 0.275 0.198 0.168 0.078 0.019 
0.000 0.000 0.000 0.013 0.138 0.252 0.222 0.222 0.120 0.033 
0.000 0.000 0.000 0.000 0.059 0.183 0.218 0.282 0.192 0.065 
0.000 0.000 0.000 0.000 0.000 0.074 0.162 0.323 0.306 0.135 
0.000 0.000 0.000 0.000 0.000 0.000 0.064 0.278 0.411 0.247 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.165 0.444 0.391 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.367 0.633 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A108. Transition Probability Matrix for the Eighth Year - Type 6 Pavements 
P8 
0.000 0.000 0.007 0.050 0.211 0.265 0.191 0.168 0.084 0.024 
0.000 0.000 0.006 0.047 0.213 0.273 0.196 0.167 0.078 0.020 
0.000 0.000 0.002 0.026 0.159 0.250 0.208 0.207 0.114 0.034 
0.000 0.000 0.000 0.007 0.097 0.211 0.215 0.252 0.163 0.055 
0.000 0.000 0.000 0.000 0.040 0.142 0.192 0.291 0.237 0.098 
0.000 0.000 0.000 0.000 0.000 0.051 0.126 0.299 0.341 0.183 
0.000 0.000 0.000 0.000 0.000 0.000 0.043 0.232 0.417 0.307 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.128 0.419 0.453 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.318 0.682 





Table A109. Transition Probability Matrix for the Ninth Year - Type 6 Pavements 
P9 
0.000 0.000 0.003 0.029 0.161 0.243 0.201 0.203 0.119 0.039 
0.000 0.000 0.003 0.028 0.161 0.249 0.206 0.205 0.114 0.034 
0.000 0.000 0.001 0.015 0.116 0.216 0.206 0.237 0.154 0.054 
0.000 0.000 0.000 0.004 0.068 0.172 0.199 0.270 0.206 0.082 
0.000 0.000 0.000 0.000 0.026 0.109 0.165 0.288 0.276 0.136 
0.000 0.000 0.000 0.000 0.000 0.035 0.097 0.269 0.364 0.235 
0.000 0.000 0.000 0.000 0.000 0.000 0.029 0.191 0.411 0.368 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.099 0.389 0.512 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.276 0.724 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A110. Transition Probability Matrix for the Tenth Year - Type 6 Pavements 
P10 
0.000 0.000 0.001 0.017 0.119 0.213 0.200 0.232 0.157 0.060 
0.000 0.000 0.001 0.016 0.119 0.217 0.205 0.235 0.153 0.055 
0.000 0.000 0.001 0.008 0.084 0.181 0.195 0.256 0.194 0.080 
0.000 0.000 0.000 0.002 0.047 0.137 0.177 0.276 0.245 0.116 
0.000 0.000 0.000 0.000 0.018 0.082 0.137 0.276 0.308 0.179 
0.000 0.000 0.000 0.000 0.000 0.024 0.074 0.237 0.376 0.289 
0.000 0.000 0.000 0.000 0.000 0.000 0.020 0.156 0.397 0.427 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.076 0.358 0.566 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.239 0.761 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A111. Transition Probability Matrix for the Eleventh Year - Type 6 Pavements 
P11 
0.000 0.000 0.001 0.010 0.086 0.180 0.190 0.250 0.196 0.087 
0.000 0.000 0.001 0.009 0.086 0.182 0.194 0.254 0.193 0.081 
0.000 0.000 0.000 0.005 0.059 0.148 0.178 0.265 0.232 0.112 
0.000 0.000 0.000 0.001 0.032 0.107 0.153 0.272 0.279 0.155 
0.000 0.000 0.000 0.000 0.012 0.061 0.113 0.256 0.331 0.226 
0.000 0.000 0.000 0.000 0.000 0.017 0.055 0.205 0.379 0.345 
0.000 0.000 0.000 0.000 0.000 0.000 0.013 0.126 0.378 0.483 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.059 0.326 0.615 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.207 0.793 






Table A112. Transition Probability Matrix for the Twelfth Year - Type 6 Pavements 
P12 
0.000 0.000 0.000 0.006 0.062 0.148 0.174 0.260 0.232 0.119 
0.000 0.000 0.000 0.005 0.061 0.149 0.178 0.264 0.231 0.112 
0.000 0.000 0.000 0.003 0.041 0.118 0.157 0.265 0.266 0.149 
0.000 0.000 0.000 0.001 0.022 0.082 0.130 0.260 0.307 0.198 
0.000 0.000 0.000 0.000 0.008 0.045 0.091 0.233 0.346 0.276 
0.000 0.000 0.000 0.000 0.000 0.012 0.041 0.174 0.373 0.400 
0.000 0.000 0.000 0.000 0.000 0.000 0.009 0.101 0.354 0.536 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.046 0.294 0.660 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.180 0.820 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A113. Transition Probability Matrix for the Thirteenth Year - Type 6 Pavements 
P13 
0.000 0.000 0.000 0.003 0.043 0.119 0.155 0.259 0.265 0.156 
0.000 0.000 0.000 0.003 0.043 0.119 0.157 0.264 0.265 0.149 
0.000 0.000 0.000 0.001 0.029 0.093 0.135 0.257 0.294 0.191 
0.000 0.000 0.000 0.000 0.015 0.063 0.108 0.243 0.327 0.245 
0.000 0.000 0.000 0.000 0.005 0.033 0.072 0.208 0.353 0.328 
0.000 0.000 0.000 0.000 0.000 0.008 0.030 0.147 0.362 0.453 
0.000 0.000 0.000 0.000 0.000 0.000 0.006 0.080 0.328 0.586 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.035 0.265 0.700 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.156 0.844 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A114. Transition Probability Matrix for the Fourteenth Year - Type 6 Pavements 
P14 
0.000 0.000 0.000 0.002 0.030 0.094 0.134 0.252 0.292 0.197 
0.000 0.000 0.000 0.002 0.030 0.094 0.136 0.256 0.293 0.190 
0.000 0.000 0.000 0.001 0.020 0.072 0.114 0.242 0.315 0.236 
0.000 0.000 0.000 0.000 0.010 0.047 0.088 0.221 0.339 0.294 
0.000 0.000 0.000 0.000 0.004 0.024 0.057 0.183 0.353 0.379 
0.000 0.000 0.000 0.000 0.000 0.005 0.022 0.122 0.345 0.505 
0.000 0.000 0.000 0.000 0.000 0.000 0.004 0.064 0.301 0.631 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.027 0.237 0.736 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.135 0.865 






Table A115. Transition Probability Matrix for the Fifteenth Year - Type 6 Pavements 
P15 
0.000 0.000 0.000 0.001 0.021 0.073 0.114 0.238 0.312 0.241 
0.000 0.000 0.000 0.001 0.020 0.073 0.115 0.242 0.314 0.235 
0.000 0.000 0.000 0.000 0.013 0.055 0.095 0.224 0.330 0.283 
0.000 0.000 0.000 0.000 0.007 0.035 0.071 0.199 0.344 0.344 
0.000 0.000 0.000 0.000 0.002 0.018 0.044 0.159 0.347 0.431 
0.000 0.000 0.000 0.000 0.000 0.004 0.016 0.101 0.326 0.553 
0.000 0.000 0.000 0.000 0.000 0.000 0.003 0.050 0.274 0.673 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.021 0.211 0.768 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.117 0.883 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A116. Transition Probability Matrix for the Sixteenth Year - Type 6 Pavements 
P16 
0.000 0.000 0.000 0.001 0.014 0.056 0.094 0.221 0.326 0.288 
0.000 0.000 0.000 0.000 0.014 0.056 0.095 0.224 0.328 0.283 
0.000 0.000 0.000 0.000 0.009 0.041 0.077 0.203 0.337 0.332 
0.000 0.000 0.000 0.000 0.005 0.026 0.056 0.175 0.343 0.395 
0.000 0.000 0.000 0.000 0.002 0.013 0.034 0.136 0.336 0.480 
0.000 0.000 0.000 0.000 0.000 0.003 0.012 0.083 0.304 0.599 
0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.040 0.248 0.710 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.016 0.187 0.797 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.101 0.899 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A117. Transition Probability Matrix for the Seventeenth Year - Type 6 Pavements 
P17 
0.000 0.000 0.000 0.000 0.010 0.042 0.077 0.200 0.333 0.337 
0.000 0.000 0.000 0.000 0.009 0.042 0.078 0.203 0.336 0.331 
0.000 0.000 0.000 0.000 0.006 0.031 0.062 0.181 0.338 0.382 
0.000 0.000 0.000 0.000 0.003 0.019 0.044 0.153 0.337 0.444 
0.000 0.000 0.000 0.000 0.001 0.009 0.026 0.115 0.321 0.528 
0.000 0.000 0.000 0.000 0.000 0.002 0.009 0.067 0.281 0.641 
0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.031 0.223 0.744 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.013 0.165 0.822 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.088 0.912 





Table A118. Transition Probability Matrix for the Eighteenth Year - Type 6 Pavements 
P18 
0.000 0.000 0.000 0.000 0.007 0.032 0.062 0.179 0.334 0.386 
0.000 0.000 0.000 0.000 0.006 0.032 0.063 0.181 0.337 0.381 
0.000 0.000 0.000 0.000 0.004 0.023 0.049 0.159 0.334 0.431 
0.000 0.000 0.000 0.000 0.002 0.014 0.034 0.131 0.326 0.492 
0.000 0.000 0.000 0.000 0.001 0.007 0.020 0.097 0.303 0.573 
0.000 0.000 0.000 0.000 0.000 0.001 0.006 0.055 0.258 0.680 
0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.024 0.200 0.775 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.010 0.146 0.844 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.076 0.924 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
Table A119. Transition Probability Matrix for the Nineteenth Year - Type 6 Pavements 
P19 
0.000 0.000 0.000 0.000 0.004 0.024 0.050 0.158 0.330 0.434 
0.000 0.000 0.000 0.000 0.004 0.024 0.050 0.159 0.333 0.430 
0.000 0.000 0.000 0.000 0.003 0.017 0.039 0.138 0.325 0.479 
0.000 0.000 0.000 0.000 0.001 0.010 0.027 0.112 0.311 0.539 
0.000 0.000 0.000 0.000 0.000 0.005 0.015 0.081 0.284 0.616 
0.000 0.000 0.000 0.000 0.000 0.001 0.005 0.044 0.235 0.716 
0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.019 0.178 0.802 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.008 0.128 0.864 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.066 0.934 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 
 
 
Table A120. Transition Probability Matrix for the Twentieth Year - Type 6 Pavements 
P20 
0.000 0.000 0.000 0.000 0.003 0.018 0.039 0.137 0.321 0.482 
0.000 0.000 0.000 0.000 0.003 0.017 0.039 0.139 0.324 0.478 
0.000 0.000 0.000 0.000 0.002 0.013 0.030 0.118 0.312 0.525 
0.000 0.000 0.000 0.000 0.001 0.007 0.020 0.094 0.294 0.583 
0.000 0.000 0.000 0.000 0.000 0.003 0.011 0.067 0.263 0.655 
0.000 0.000 0.000 0.000 0.000 0.001 0.003 0.035 0.213 0.748 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.015 0.159 0.826 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.006 0.113 0.881 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.057 0.943 






Table A121. Pavement Deterioration Probabilities with the Exclusion of Multiple Street Subsections (Ave.) 
 Percent by Condition State  
Total 
(<=5) 
 10 9 8 7 6 5 4 3 2 1 
 
Year 0 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
Year 1 0.000 0.267 0.500 0.100 0.067 0.033 0.033 0.000 0.000 0.000 0.067 
Year 2 0.000 0.000 0.394 0.287 0.184 0.078 0.043 0.010 0.003 0.001 0.134 
Year 3 0.000 0.000 0.140 0.312 0.304 0.138 0.071 0.025 0.008 0.002 0.244 
Year 4 0.000 0.000 0.050 0.224 0.333 0.212 0.110 0.048 0.017 0.006 0.393 
Year 5 0.000 0.000 0.018 0.140 0.299 0.263 0.156 0.082 0.032 0.010 0.544 
Year 6 0.000 0.000 0.006 0.082 0.239 0.280 0.199 0.126 0.051 0.016 0.673 
Year 7 0.000 0.000 0.002 0.047 0.178 0.269 0.229 0.176 0.077 0.022 0.773 
Year 8 0.000 0.000 0.001 0.026 0.127 0.239 0.243 0.228 0.108 0.028 0.846 
Year 9 0.000 0.000 0.000 0.014 0.087 0.202 0.242 0.276 0.144 0.034 0.898 
Year 10 0.000 0.000 0.000 0.008 0.059 0.163 0.229 0.318 0.185 0.038 0.933 
Year 11 0.000 0.000 0.000 0.004 0.039 0.128 0.209 0.351 0.228 0.042 0.957 
Year 12 0.000 0.000 0.000 0.002 0.025 0.098 0.183 0.374 0.272 0.045 0.972 
Year 13 0.000 0.000 0.000 0.001 0.016 0.074 0.157 0.388 0.317 0.047 0.982 
Year 14 0.000 0.000 0.000 0.001 0.010 0.054 0.131 0.393 0.362 0.048 0.989 
Year 15 0.000 0.000 0.000 0.000 0.007 0.040 0.108 0.391 0.405 0.050 0.993 
Year 16 0.000 0.000 0.000 0.000 0.004 0.029 0.087 0.382 0.447 0.050 0.996 
Year 17 0.000 0.000 0.000 0.000 0.003 0.020 0.069 0.369 0.487 0.051 0.997 
Year 18 0.000 0.000 0.000 0.000 0.002 0.014 0.054 0.353 0.525 0.052 0.998 
Year 19 0.000 0.000 0.000 0.000 0.001 0.010 0.042 0.334 0.560 0.052 0.999 










Table A122. Pavement Deterioration Probabilities with the Exclusion of Multiple Street Subsections 
(Streets) 
 Percent by Condition State  
Total 
(<=5) 
 10 9 8 7 6 5 4 3 2 1 
 
Year 0 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
Year 1 0.056 0.389 0.444 0.056 0.056 0.000 0.000 0.000 0.000 0.000 0.000 
Year 2 0.003 0.041 0.500 0.234 0.157 0.061 0.004 0.000 0.000 0.000 0.065 
Year 3 0.000 0.003 0.278 0.315 0.252 0.115 0.031 0.005 0.000 0.000 0.151 
Year 4 0.000 0.000 0.141 0.277 0.305 0.186 0.069 0.020 0.002 0.000 0.277 
Year 5 0.000 0.000 0.071 0.206 0.305 0.248 0.115 0.046 0.009 0.000 0.418 
Year 6 0.000 0.000 0.035 0.141 0.271 0.286 0.160 0.084 0.024 0.000 0.553 
Year 7 0.000 0.000 0.018 0.092 0.222 0.296 0.197 0.128 0.048 0.000 0.669 
Year 8 0.000 0.000 0.009 0.058 0.172 0.284 0.221 0.174 0.083 0.000 0.761 
Year 9 0.000 0.000 0.004 0.035 0.128 0.257 0.230 0.215 0.130 0.000 0.832 
Year 10 0.000 0.000 0.002 0.021 0.093 0.223 0.227 0.248 0.186 0.000 0.884 
Year 11 0.000 0.000 0.001 0.013 0.065 0.187 0.214 0.271 0.249 0.000 0.921 
Year 12 0.000 0.000 0.001 0.008 0.045 0.152 0.194 0.283 0.317 0.000 0.947 
Year 13 0.000 0.000 0.000 0.004 0.031 0.121 0.171 0.285 0.387 0.000 0.964 
Year 14 0.000 0.000 0.000 0.003 0.021 0.095 0.148 0.278 0.456 0.000 0.977 
Year 15 0.000 0.000 0.000 0.001 0.014 0.073 0.124 0.264 0.523 0.000 0.985 
Year 16 0.000 0.000 0.000 0.001 0.009 0.056 0.103 0.245 0.586 0.000 0.990 
Year 17 0.000 0.000 0.000 0.000 0.006 0.042 0.084 0.223 0.645 0.000 0.994 
Year 18 0.000 0.000 0.000 0.000 0.004 0.031 0.067 0.200 0.697 0.000 0.996 
Year 19 0.000 0.000 0.000 0.000 0.003 0.023 0.053 0.177 0.744 0.000 0.997 









Table A123. Pavement Deterioration Probabilities with the Exclusion of Multiple Street Subsections 
(Roads) 
 Percent by Condition State  
Total 
(<=5) 
 10 9 8 7 6 5 4 3 2 1 
 
Year 0 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
Year 1 0.000 0.333 0.667 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
Year 2 0.000 0.133 0.493 0.320 0.053 0.000 0.000 0.000 0.000 0.000 0.000 
Year 3 0.000 0.053 0.297 0.374 0.219 0.045 0.009 0.003 0.000 0.000 0.057 
Year 4 0.000 0.021 0.163 0.303 0.311 0.132 0.050 0.020 0.000 0.000 0.202 
Year 5 0.000 0.009 0.084 0.208 0.313 0.218 0.117 0.052 0.000 0.000 0.386 
Year 6 0.000 0.003 0.042 0.130 0.262 0.276 0.193 0.094 0.000 0.000 0.563 
Year 7 0.000 0.001 0.021 0.076 0.196 0.300 0.267 0.139 0.000 0.000 0.706 
Year 8 0.000 0.001 0.010 0.042 0.136 0.295 0.333 0.183 0.000 0.000 0.811 
Year 9 0.000 0.000 0.005 0.023 0.089 0.271 0.389 0.223 0.000 0.000 0.883 
Year 10 0.000 0.000 0.002 0.012 0.056 0.238 0.434 0.258 0.000 0.000 0.930 
Year 11 0.000 0.000 0.001 0.006 0.034 0.202 0.469 0.288 0.000 0.000 0.959 
Year 12 0.000 0.000 0.000 0.003 0.020 0.167 0.498 0.312 0.000 0.000 0.976 
Year 13 0.000 0.000 0.000 0.002 0.012 0.136 0.519 0.332 0.000 0.000 0.987 
Year 14 0.000 0.000 0.000 0.001 0.007 0.109 0.536 0.347 0.000 0.000 0.993 
Year 15 0.000 0.000 0.000 0.000 0.004 0.086 0.550 0.360 0.000 0.000 0.996 
Year 16 0.000 0.000 0.000 0.000 0.002 0.068 0.560 0.370 0.000 0.000 0.998 
Year 17 0.000 0.000 0.000 0.000 0.001 0.054 0.568 0.377 0.000 0.000 0.999 
Year 18 0.000 0.000 0.000 0.000 0.001 0.042 0.574 0.383 0.000 0.000 0.999 
Year 19 0.000 0.000 0.000 0.000 0.000 0.033 0.579 0.388 0.000 0.000 1.000 
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Syracuse University               Syracuse, NY 
Graduate Teaching Assistant                                                                         June 2017 – March 2019 
• Teaching modules in concrete structures, estimating, scheduling and other related disciplines. 
• Providing assistance to professors and students in laboratory exercises and laboratory experiments. 
• Collaborating with a team of faculty at weekly meetings and actively contributing new ideas on teaching. 
Vidaris, Inc.       New York City, NY 
Engineering Intern                                                                                        June 2018 – August 2018 
• Walked through NYC Building Codes and fire-rated curtain wall specifications. 
• Shadowed on-site tests including ASTM E283 and ASTM E331 for wall panels. 
• Researched thermal performances of wall systems, modeled existing buildings with THERM 
• Projects: 553 West 30th (Hudson Yards, Residential) and 401 9th Ave. (Manhattan West, Commercial) 
STFA Construction                                                                                Musandam, Sultanate of Oman 
Project Engineer                                                                                       March 2016 – January 2017 
• Organized shop drawings and documentation for stabilization and protection works.  
• Prepared bill of quantities and obtained price quotes from the vendors. 
• Performed budget and schedule updates and presented them to senior management. 
• Scheduled with Primavera P6, monitored project schedule, updated and made changes when new 
information became available, identified the need for additional labor and equipment and reduced 
delays. 
MAG Engineering                                                                                                             Kocaeli, Turkey 
Site Engineer                                                                                                     August 2015 – March 2016 
• Worked on a harbor project comprising reconstruction and retrofitting work for a collapsed area  
• Supervised and ensured that the production on construction site conformed to project.  
• Prepared bill of quantities and developed engineering shop drawings when needed. 
